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Abstract

As the demand for data transmission around the globe continues to rise, we face a chal-

lenge brought about by the fundamental limits of communication imposed by Claude Shan-

non’s information theory. Modern communication systems are able to operate with a rate

close to the theoretical channel capacity, meaning we must increase this capacity in order

to transmit additional data. This is achieved by either increasing the power of the signal or

bandwidth of the channel, neither of which are desirable options. Alternatively, what if we

could communicate more efficiently given the resources we already have? This is the goal of

semantic communication, which is a paradigm that aims to communicate a given meaning

rather than exactly reproduce bits at the receiver, potentially resulting in efficient semantic

representations that can communicate the same meaning using less physical bits. However,

modern approaches to semantic communication suffer from a lack of consensus on how to

quantify and optimize a system around the notion of “meaning” and a reliance on black-

box machine learning models that obscure the true functionality of semantic communication

modules. In this dissertation, we introduce an approach termed “semantic communication

with conceptual spaces,” which is based on the geometric conceptual spaces model of mean-

ing. Conceptual spaces offer a general, expressive, and interpretable mechanism by which

a system can utilize semantic knowledge and optimize its operation around this knowledge.

We first lay the mathematical groundwork for such a system, and demonstrate its potential

for efficient semantic communication via simulations. We then address a significant challenge

of the conceptual space-based approach, which is obtaining the conceptual space model it-

self. To overcome this challenge, we develop a novel machine learning architecture capable

of learning the complex domains of a conceptual space model using only high-level seman-

tic property information. Next, we introduce a causal reasoning-based mechanism into the



proposed system, which allows the semantic communication system to determine which se-

mantic elements are most important for performing a given task. This reasoning mechanism

enables the system to achieve even greater efficiency by transmitting only the semantics that

are important for the task at hand. Finally, we connect our approach to traditional informa-

tion theory by deriving an upper bound for the goal-oriented rate distortion function. This

bound is based on a fixed threshold for the semantic distortion within the system and the

novel notion of distortion discrepancy. In short, this dissertation proposes, for the first time,

a method of semantic communication based on a general and expressive model of meaning

that allows for automated learning of semantics, causal reasoning-based optimization, and

theoretical analysis similar to classical information theory.
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enables the system to achieve even greater efficiency by transmitting only the semantics that

are important for the task at hand. Finally, we connect our approach to traditional informa-

tion theory by deriving an upper bound for the goal-oriented rate distortion function. This
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Preface

“It is we who attach meaning to the bits.”

—Richard Hamming

Communication is simple... or is it? At its core, it is nothing more than one entity

sending some signal to be received and processed by another. As humans, we do this very

naturally. In fact, more than just sending signals, we are exceptional at conveying meaning

with these signals. We use expressive languages to convey extremely intricate and complex

ideas, most of the time doing this without even thinking about it. We are able to create

art that expresses an emotion without using any words. And yet, this second-nature ability

is extremely difficult to engineer in an artificial system. We have no doubt come closer to

achieving this due to the staggering advances in the field of artificial intelligence over the

last decade or so, but we are still not there.

The problem at the heart of this dissertation is that of engineering a system to “say what

it means,” concisely and in a way that the recipient understands the intended meaning. The

importance of understanding is self-evident. Conciseness is growing in importance because

the resources available to us for communication are currently limited (consider this as a

“pipe” of a certain size) and the number of devices communicating (trying to send something

down the pipe) is growing exponentially with no signs of slowing down. Therefore, concise

communication (sending less down the pipe) is of utmost importance going forward.

This is a problem that has intrigued me greatly over the past few years, and this dis-

sertation contains the culmination of my work up to this point aiming to contribute to the

solution. It is my hope that it will serve as a useful tool and inspiration for those reading as

we continue to strive for more meaningful communication.

xxi



Chapter 1

Introduction

Traditionally, communication has been viewed as the problem of one agent (the receiver)

exactly reproducing the symbols sent by another (the transmitter). This problem is the

basis for Claude Shannon’s momentous theory of communication [6], commonly known as

information theory [7], and is referred to as the technical problem. However, Shannon and

his collaborator Warren Weaver also defined additional levels of the communication problem

[8]:

A. How accurately can the symbols of communication be transmitted?

B. How precisely do the transmitted symbols convey the desired meaning?

C. How effectively does the received meaning affect conduct in the desired way?

Level A represents the technical problem, whereas levels B and C represent the semantic

and effectiveness problems, respectively. To date, the engineering of communication systems

has been concerned with solving the technical problem and reaching the limits imposed by

Shannon’s information theory. As modern systems approach these limits, we seek additional

methods to further improve the performance of such systems. A potential path forward

involves operating at the higher levels of communication, i.e., the semantic or effective levels.

In this introductory chapter, we first motivate the transition to the semantic level. We then

briefly review the current state of the art and highlight some limitations. We then provide
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an overview of the novel contributions of this dissertation and conclude by describing the

organization of the manuscript.

1.1 Motivation

As the world becomes increasingly connected, data transmission demands continue to grow.

According to a recent report published by Ericsson [1], monthly global traffic is predicted

to grow exponentially over the next five years, as shown in Figure 1.1. Additionally, 5G

subscriptions are projected to reach 5.6 billion by the end of 2029, with 9.3 billion total

mobile subscriptions worldwide [1].
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Figure 1.1: Global monthly traffic predictions from mobile data and fixed wireless access
(FWA) [1].

In order to meet this growing demand in a sustainable way, we need to rethink the

current paradigm of wireless communications. This is due to the information-theoretic fun-

damental capacity C of a band-limited noisy channel, also known as the Shannon rate, which

corresponds to [7]

C = W log

(
1 +

P

N0W

)
bits per second, (1.1)

where W denotes the bandwidth of the wireless channel in hertz, N0/2 is the power spectral

density of the additive white Gaussian noise (AWGN) in watts per hertz, and the average
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Speaker

Technically Distinct Semantically Identical

I went to the park.

160 bits

I traversed the city

to reach the area of 

nature and recreation.

520 bits

Listener

Figure 1.2: Example of two semantically identical but technically distinct statements.

power of the transmitted signal is less than or equal to P watts. From this fundamental limit,

we see that classical information theory provides two options to increase the number of bits

that can be sent over a channel. The first is to increase the power P of the transmitted signal.

With the ever-important goal of designing sustainable systems, increasing power consump-

tion to meet exponentially increasing demand is clearly not desirable. The second option

is to utilize more of the wireless spectrum, i.e., increase the bandwidth W of the channel.

This approach has been exploited by modern systems, with the advent of millimeter wave

technology in 5G networks [9] which operates in the range of tens to hundreds of gigahertz.

Moreover, communication over terahertz frequencies has become a popular research topic as

of late [10]. However, operating at such high frequencies presents numerous challenges, such

as poor propagation characteristics due to the frequency dependency of free-space path loss

[11].

To address these challenges, one approach is to push past the information-theoretic limits

of technical communication toward a novel paradigm of semantic communication (SemCom).

As an intuitive example, consider the scenario depicted in Figure 1.2. We see that the two

statements represent the same meaning, and are thus semantically identical, despite being

technically distinct from one another. Suppose the goal of the speaker is to convey this

meaning, i.e., perform SemCom. For either statement, the technical rate (in bits per second)

is limited by (1.1). However, by choosing the longer statement, it is clear that the speaker

is “wasting” bits by not choosing the more efficient technical representation of the intended
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Technical

Figure 1.3: Hierarchy of communication goals.

semantics. Extrapolating this simple example to general communication, it follows that by

extracting semantically minimal representations of data, we should be able to effectively

increase the rate at which we communicate (with respect to the communicated semantics)

without increasing either power or bandwidth usage. This intuitive observation is one of the

key driving forces behind the recent interest in SemCom.

1.2 What is Semantic Communication?

Lately, SemCom has been a popular term used to describe a wide variety of approaches,

and thus we will provide some clarification of what we mean when using this term here.

First consider the hierarchy of communication goals shown in Figure 1.3. Note that all

communication must be technical; some kind of signal must be sent for communication to

take place. A subset of these communication goals will also be semantic, where the sender

wants to convey some meaning to the listener. An even smaller subset will also be effective,

where the sender has a desired action they would like the listener to take.

For example, suppose the sender transmits the text “The oven is in the kitchen” to the

listener. If the goal is purely technical, then accurate transmission of each character is the

sole objective. However, perhaps the sender is attempting to convey the layout of their

home to the listener; then the meaning of the words is the focus, e.g., the listener should

understand that the oven is in the kitchen and not the bedroom. But perhaps the sender

wants the listener to turn the oven on; now the goal is effective as well.
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When we refer to SemCom, we mean communication problems where the goal falls into

the semantic level of this hierarchy. Therefore, we do not mean using semantics to ex-

actly reproduce the original data, as this falls into the technical level. Likewise, we do not

mean higher-level goal-oriented or task-oriented communication, although achieving Sem-

Com brings us closer to realizing this kind of communication, as many tasks depend on the

underlying meaning. When dealing with the effectiveness problem, we will explicitly refer

to communication as goal-oriented or task-oriented SemCom. Otherwise, for basic SemCom

we are concerned with problems where the primary goal is to convey some meaning.

1.3 Limitations of Current Work

In recent years, interest in SemCom has surged due to the unprecedented success of arti-

ficial intelligence (AI) and machine learning (ML) techniques. Numerous techniques and

approaches have been put forth, however, SemCom remains a primarily theoretical develop-

ment with some key limitations holding back its practical implementation. In this subsection,

we provide an overview of some of the key works within the field of SemCom and discuss

their limitations. A more thorough review of the current literature can be found in Chapter

2.

The first attempt at developing a theory of SemCom originates with Carnap and Bar-

Hillel in 1954 [12], when they sought to extend classical notions of information theory to

semantic information. The key difference was that their so-called theory of semantic infor-

mation utilized logical probabilities rather than statistical characteristics of data. Over the

years, some have attempted to extend this approach by utilizing the notions of truth [13] and

“truthlikeness” [14]. More recently, there have been some other notable works taking the

information-theoretic approach. The authors of [15] discuss semantics from the perspective

of rate-distortion theory, where the distortion measure is assumed to capture the relevant

semantics. They note, however, that “quantifying the semantic distortion measure for a

particular information source is a formidable task.” The authors of [16] also study SemCom

from a rate-distortion perspective, while the traditional logical probability-based approach is
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revisited in [17]. The main difficulty in these approaches stems from the problem of defining

an adequately expressive knowledge base from symbolic logic or the challenge of defining a

semantic distortion measure.

The second category includes methods that center around representing meaning with a

knowledge graph (KG) structure. With this approach, meaning is expressed through relations

in the KG, for which distortion measures can be derived. The authors of [18] propose an

edge-sharing KG to enable SemCom among intelligent edge devices in a network. In [19],

the authors develop a communication system powered by a KG with subject-relation-object

triples for transmission of images among unmanned aerial vehicles (UAVs). Furthermore, in

[20] a framework exploiting a KG has been developed for cross-modal SemCom. Like the

information-theoretic approach, the symbolic nature of KGs can make it difficult to define a

fully expressive knowledge base. Defining semantic distortion in this setting can be difficult

as well, although some link-based [21], node-based [22], and combinations of the two [23] do

exist.

Third, the ML-based approach to SemCom has been by far the most popular approach as

of late; some recent, notable publications include [24–28]. Most of the ML-based approaches

to SemCom were inspired by the initial success of DeepSC [4], which is a system implementing

SemCom of text data. The key idea with this approach is to train a neural network, often

in an end-to-end manner, to “learn” how to best encode and transmit data with respect to

some loss function. Therefore, this approach shares some similarities with the rate-distortion

approach discussed earlier when the loss function is designed to minimize some semantic

distortion. However, many works utilizing this approach (including DeepSC) train the system

with the goal of exactly reproducing the initial data [4, 28], i.e., they are still addressing only

the technical problem of communication. Others train the network to minimize some goal-

oriented loss function [24, 29], which neglects the semantics of the problem. Both of these

approaches are commonly referred to as SemCom, though they would be more accurately

described as advanced technical or goal-driven coding schemes, since they are not primarily

concerned with the conveyance of meaning.

Finally, a fourth approach to SemCom emphasizes the significance of information. This
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significance-based communication is again more aligned with the effectiveness problem than

the semantic problem, and is defined as the “provisioning of the right and significant piece

of information to the right point of computation (or actuation) at the right point in time”

[5]. A key idea within this approach is semantic sampling [30], in which devices have some

control over their own traffic and produce only relevant information from the start [30]. Like

the goal-driven ML-based schemes mentioned above, these approaches largely neglect the

semantic problem of communication.

The major shortcomings of these approaches can be summarized as follows:

• Limited expressivity : Knowledge representation based on symbolic logic or KGs can

be limited in the level of detail and nuance that can be captured. ML-based and

significance-based approaches mostly neglect knowledge representation altogether and

only implicitly address the underlying semantics through higher level goal-oriented

techniques.

• Lack of a formal definition of meaning : The meaning of a symbol or piece of data is an

ambiguous entity and has been difficult to work with. Despite this, if we wish to engi-

neer meaning-oriented communication, we need a rigorous and concrete methodology

of handling meaning.

• Difficulty capturing semantic distortion: Stemming from the trouble in adequately

defining meaning, the discussed approaches have a hard time expressing semantic dis-

tortion or semantic similarity. Some attempts have been made for information-theoretic

and KG-based approaches, though there does not seem to be any widely-accepted

metrics. Existing measures for ML-based and significance-based approaches typically

reflect either technical or goal-oriented performance.

1.4 Contributions

In light of the limitations discussed in the previous section, in this dissertation we propose

a method of SemCom that brings the importance of modeling human-interpretable meaning
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to the forefront. This method addresses each of the limitations discussed, i.e., it provides

a formal, rigorous definition of meaning and semantic distortion, and is general enough

to express complex notions of meaning. Specifically, we propose the use of the conceptual

spaces (CSs) model of meaning, initially developed by cognitive scientist Peter Gärdenfors

[31, 32], for representing the meaning in a SemCom system. Such a model allows for general

expressivity of abstract notions, a formal geometric model for working with meaning, and

a built-in notion of semantic distortion derived from the geometry of the space. In the

following paragraphs, we provide an overview of our primary contributions as well as the

original articles corresponding to each.

We survey the literature related to SemCom, reviewing existing techniques for mod-

eling meaning, including classical semantic information-based, KG-based, ML-based, and

significance-based approaches. The primary challenges associated with each approach as

well as promising directions for future research are identified and discussed. More informa-

tion can be found in Chapter 2 and in the following article:

• D. Wheeler and B. Natarajan, “Engineering Semantic Communication: A Survey,”

in IEEE Access, vol. 11, pp. 13965-13995, 2023.

We introduce and formalize the novel semantic communication with conceptual spaces

(SCCS) model of communication. A preliminary investigation is performed, simulating a

basic SCCS system with CS-enabled semantic encoder and decoder, and demonstrate com-

petitive semantic performance with massive reduction in rate as compared to a more tradi-

tional communication setup. Encouraged by these results, we rigorously define the compo-

nents of the SCCS system and derive theoretical semantic performance bounds. Extensive

simulations are conducted for a metaverse-inspired use case, again demonstrating large per-

formance gains as compared to baseline approaches. More details can be found in Chapters

3 and 4, as well as the following articles:

• D. Wheeler, E. E. Tripp and B. Natarajan, “Semantic Communication With Con-

ceptual Spaces,” in IEEE Communications Letters, vol. 27, no. 2, pp. 532-535, Feb.

2023.
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• D. Wheeler and B. Natarajan, “Knowledge-Driven Semantic Communication En-

abled by the Geometry of Meaning,” currently under review for publication in Journal

of Communications and Networks.

The significant challenge of obtaining the CS model for SCCS is addressed by leveraging

an autoencoder (AE)-based framework for learning domains of the CS. This framework re-

quires only high-level semantic property information and balances data reconstruction and

semantic classification loss terms (with semantic distance regularization) to learn the geom-

etry of a domain. This framework is further improved by incorporating the theoretically-

grounded variational AE (VAE) architecture and the Wasserstein loss function to allow for

implicit regularization and the incorporation of prior knowledge. Simulations illustrate the

ability of the proposed framework to learn representative and interpretable semantic do-

mains. More information can be found in Chapter 5 and 6, as well as the following articles:

• D. Wheeler and B. Natarajan, “Autoencoder-Based Domain Learning for Semantic

Communication with Conceptual Spaces,” 2024 Wireless Telecommunications Sympo-

sium (WTS), Oakland, CA, USA, 2024 (Best Graduate Student Paper award)

• D. Wheeler, B. Natarajan, “Conceptual Learning and Causal Reasoning for Semantic

Communication,” TechRxiv, July 15, 2024, currently under review for publication in

IEEE Transactions on Cognitive Communications and Networking.

A causality-based reasoning mechanism is developed for SCCS, allowing the system to

determine which semantic elements of the data are most important for performing a task.

By selecting only the most important semantics to transmit to the receiver, even greater

efficiency is achieved. Simulations on a real-world image dataset highlight the practical

potential of the proposed reasoning-based approach. These improvements are detailed in

Chapter 6 and the following article:

• D. Wheeler, B. Natarajan, “Conceptual Learning and Causal Reasoning for Semantic

Communication,” TechRxiv, July 15, 2024, currently under review for publication in

IEEE Transactions on Cognitive Communications and Networking.
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We explore the theoretical implications the SCCS system through the lens of rate dis-

tortion theory, developing a bound on the goal-oriented rate distortion function of a model

SCCS system based on a semantic distortion threshold and the novel notion of distortion

discrepancy. Numerical experiments are conducted to illustrate the behavior of a practical

coding scheme based on these theoretical results. More details can be found in Chapter 7

and the following article:

• D. Wheeler, B. Natarajan, “Meaningful Goals: Toward a Semantic-Functional Rate

Distortion Theory,” TechRxiv, August 15, 2024, currently under review for publication

in IEEE Communications Letters.

1.5 Organization

The rest of this dissertation is organized as follows. Chapter 2 contains a detailed survey

of different approaches to SemCom, divided by the way in which each handles the notion

of meaning. Each section focuses on a specific approach, with tables summarizing the sur-

veyed papers and mathematical measures related to that approach. Chapter 3 presents a

preliminary investigation into our proposed SCCS approach, and Chapter 4 explores this

approach further by improving the formality of the key pieces and proving some bounds

on the probability of a semantic error under the proposed framework. Both Chapters 3

and 4 include empirical simulation studies to further illustrate the practical behavior of the

proposed SCCS methodology. Chapter 5 addresses one of the primary challenges with the

SCCS approach, namely, obtaining the CS model which serves as the knowledge base for

communication. In this chapter, an AE-based ML architecture is proposed to learn the do-

mains of a CS using high-level property information. Chapter 6 innovates on this learning

approach by 1) replacing the AE module with a VAE module for improved regularization

and 2) using a Wasserstein distance-based loss function to allow for the incorporation of

prior domain knowledge. Chapters 5 and 6 also include empirical simulation studies to

demonstrate the performance of the proposed learning methods. Additionally, Chapter 6

introduces a causality-based reasoning mechanism into the SCCS system which allows the
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system to determine which semantic elements are most important for a given task, and only

send these important elements to reduce communication overhead. Simulations are provided

to demonstrate the benefit of this reasoning-driven approach. In Chapter 7, we investigate

the theoretical limits of SemCom and derive an upper bound on the rate distortion function

of a goal-oriented SemCom system inspired by the SCCS set up. In addition to the theory,

we simulate a practical coding scheme based on these results and compare performance to

that of an ideal, optimal coding scheme. Chapter 8 concludes the dissertation and discusses

directions for future work leveraging the foundation laid throughout these pages.
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Chapter 2

Literature Review

In this chapter we provide a review of recent literature that pertains to the topic of SemCom.

We first discuss other related works, including those that outline a broad vision for SemCom

and those that make an attempt to survey the field. We then provide a brief overview of

the different approaches to utilizing semantics in communication systems. The following

sections survey works related to these approaches, each concluding with a brief summary

and a discussion of the challenges and opportunities related to that specific approach.

2.1 Outlook and Survey Articles

There have been several published works that attempt to provide a vision of what SemCom

might look like, and even fewer that attempt to survey the field. While most of these have

come about in recent years, one of the earliest examples was published in 1992 by Ouksel and

Naiman [33], in which they discuss a SemCom protocol in heterogeneous database systems.

They argue that a SemCom protocol provides a more flexible vehicle of communication and

can support effective conflict resolution. Although they refer to this protocol as SemCom,

their ideas align much more with the concept of the semantic web, which was first introduced

by Berners-Lee et al. in 2001 [34]. While related, the idea of the semantic web is different

from what we refer to as SemCom. The primary goal of the semantic web is to make the
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information contained in pages on the internet machine-interpretable. This field has been

well-studied over the years since its inception. The semantic web can be thought of as an

attempt to achieve the second (semantic) level of communication between the web (source)

and a machine (receiver), and thus represents a particular case of general SemCom.

One of the earliest works providing a vision for addressing the SemCom problem was

given by Rodoplu et al. in 2007 [35]. They introduce their idea of a semantic domain, which

includes semantic “atoms” and corresponding atomic operations that act on the atoms to

generate objects. They then provide their vision of how one might characterize semantic

information, making the important observation that the same object might have different

semantic information measures in different domains. The vision provided in [35] leans on the

idea of using KGs to represent prior knowledge bases at both the transmitter and receiver,

falling within the realm of what we refer to as KG-based SemCom, which is the focus of

Section 2.4.

Another vision article from 2013 [36] focuses specifically on the problem of semantic

misunderstanding. An illustrative example given is the failure of the Mars Climate Orbiter,

in which two collaborating teams of engineers were working in different unit systems (imperial

and metric), leading to misunderstandings and failure of the mission. The article focuses

more on the effectiveness problem rather than the semantic problem, and argues that the key

theoretical notion for successful communication is the presence of sensing ; which is described

as feedback to the source indicating successful communication. The vision presented in

this article describes agents in a communication system that can learn to achieve successful

communication (in the effectiveness sense) despite some initial knowledge mismatch between

source and receiver.

In [37], a brief history is provided on the quantification and transmission of information

and intelligence. In addition to providing an informative summary on the history of commu-

nication techniques and theory, the article raises some important challenges for the design

of future intelligent communication, namely:

• Can the formulation of channel capacity include a function of significance?
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• How do we define error in the transmission of intelligence?

• How can the code set and signal shaping be defined to support optimal transmission

of intelligence?

• How can the receiver be design to optimally accomplish reception of intelligence?

By interpreting the phrase “transmission of intelligence” as the nearly synonymous term of

SemCom, these represent some of the grand challenges of practically achieving this higher

level of communication. One possible avenue is proposed to address these challenges, which

suggests the use of Bayes’ decision theory to quantify the “significance” of information.

Building on the idea of information significance, in Uysal et al. [5] envision semantics

to mean just that: the significance of information as opposed to its meaning. They ar-

gue for an extensive cross-layer optimization of the end-to-end communication system, in

a self-described radical departure from the well-established way of assessing communication

networks. The key idea is that this optimization will yield SemCom by “the provisioning

of the right piece of information to the right point of computation (or actuation) at the

right point in time.” The development of semantic measures is called for to quantify what

information is “right” such that the system can be properly optimized. The significance-

focused view on semantics is also advocated for by the authors of [30], who describe a vision

of goal-oriented SemCom, essentially combining the semantic and effectiveness problems.

In addition to outlining this vision, utilizing these ideas is shown to greatly reduce robotic

actuation error in a provided example.

A recent article [38] outlining nine challenges in AI for 6G communications points out

the capabilities of recent learning techniques as a potential enabler of SemCom. The article

outlines two challenges which must be met to develop SemCom, the first of which is the

mathematical foundation of SemCom; while some attempts have been made at defining a

mathematical framework on which to build SemCom, we are still lacking a comprehensive

theory. The second challenge is the structure of SemCom systems, which is posed as a

problem of choosing between a general deep neural network (DNN) or further exploring

other structural levels of communication to facilitate SemCom. The authors of another
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vision article [39] promote the use of ML in SemCom for 6G networks. This extensive

article provides a complete view on the current vision for 6G networks, while also discussing

details of both semantic and goal-oriented (effective) communications, with various examples

and applications given for each. The authors then provide their vision of the 6G network

as incorporating online learning-based communication and control, focusing on ML and

applications of SemCom. Similar to the articles [38] and [39], the authors of [40] provide an

overview of end-to-end SemCom based on DL. The discussion is broken into SemCom for

different modalities, such as text, image and speech. Use cases, including internet of things

(IoT) networks and smart factories are discussed, and open issues are presented.

The work that is perhaps the most similar to that presented throughout this chapter is

the recent review published by Lan et al. [41], in which the authors review principles of

SemCom, discuss existing system architecture designs, and provide an overview of designing

SemCom systems based on KGs. Their discussion is divided into the categories of human-

human, human-machine, and machine-machine communication, with example applications

provided for each. While sharing many similarities, [41] differs from the work here in a few

ways. First, the discussion contained in [41] is application-centric, while we aim to focus more

on the general techniques and foundations of SemCom. This leads to a natural contrast in

presentation; [41] breaks the discussion into human-human, human-machine, and machine-

machine based on the application of SemCom, while we partition topics in our discussion

based on the definition of semantics in communication. Furthermore, unlike [41], we discuss

the classical approaches to quantify semantic information, in order to provide perspective on

how the field has evolved since its inception.

2.2 Overview of Semantics in Communication

The ambiguity of the word “semantics” brings with it an inherent difficulty when attempting

to provide a definition. Indeed, this is an issue that has drawn the attention of engineers and

philosophers alike. In [42], a brief discussion regarding the philosophical context of SemCom

is provided. There, it is noted that the idea that “communication must be considered as
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Figure 2.1: The four existing approaches to SemCom.

a means to an end” was first brought about by Dewey in 1925 [43], and later “brought to

the forefront of philosophy” by Wittgenstein in 1953 [44]. Wittgenstein filled a short book,

organized into a continuous flow of philosophical remarks, with his thoughts and reflections

on the fundamental aspects of language. Clearly then, having been at the center of a great

amount of philosophical thought, the definition of semantics is a complex one.

However, as we are interested in the engineering of SemCom, a clear definition is vital.

Without it, we are left blind when attempting to create systems which may achieve this higher

level of communication. The solution to any engineering problem requires full understanding

of the problem itself, including any simplifications, assumptions, and constraints posed by

the problem. Therefore, we dedicate this section to a brief introduction to the different

engineering problems that have been posed when attempting to achieve SemCom. Inherent

in each is the way in which this abstract idea of semantics is defined, which leads to different

implications and solutions. Figure 2.1 provides a high-level view of these approaches and

the ways that meaning is represented by each.

As previously mentioned, in their 1952 paper Carnap and Bar-Hillel attempt to outline

a theory of SemCom [12] as a direct response to Shannon’s then-recently published “A

Mathematical Theory of Communication” [6]. The core of their work is to base information
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measures around logical probabilities rather than the statistical probabilities which underlie

what we now call information theory. This definition of semantics is concerned with the

so-called logical truth of a statement, from which information measures can be derived. We

classify this definition and its derivatives classical semantic information. However, it is noted

in [12] that this definition of “semantic information is a concept more readily applicable to

psychological and other investigations than its communicational counterpart.” Regardless,

there are still some important works that embrace this idea of semantic information for the

engineering problem.

Perhaps the most pervasive method of defining semantics throughout the literature is

to do so by using some sort of structured knowledge base. This structured knowledge base

can take on many names, such as semantic network [45], taxonomy [21] , ontology [46], and

others. All of these essentially refer to the same idea, which is to use a graph structure,

or KG to represent knowledge in the system [47]. Hence, we refer to these techniques as

KG-based SemCom. Having close ties to the semantic web, it is clear why this approach

is popular. By defining knowledge over a graph, it is relatively straightforward to define

metrics of “semantic similarity,” which can then be analyzed using well-developed graph

theory techniques. Furthermore, recent work on graph neural networks brings about the

opportunity to incorporate modern learning techniques over such graphs [48].

Another prevalent approach that is seeing a surge of interest is the idea of using ML

techniques to “learn” the semantics of a problem. Akin to model-based vs. data-driven

approaches to general inference problems (see [49] for more on this), predefined KGs impose

model-based semantics on the problem at hand while ML methods use data to determine

these semantics. Borrowing techniques from natural language processing (NLP) and com-

puter vision, deep networks can be taught to communicate in the most efficient manner

while preserving semantic content [4]. Similarly, by implementing reinforcement learning

(RL) methods, these networks can be refined over time and even adapt to dynamic changes

in the communication problem. We refer to this approach as ML-based SemCom. Initial

studies examining this approach to SemCom over several modalities have emerged in recent

years [4, 50–52].
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Finally, a fourth definition which differs significantly from those previously described

is the one first mentioned in Section 2.1: the idea of semantics as the “significance” of

information; we call this significance-based SemCom. While classified as an approach toward

SemCom, this approach essentially addresses the third level of communication problem:

the effectiveness problem. Rather than concern ourselves with the meaning of a message,

advocates of this approach call for communication of the right information. Of course, what

information is “right” will depend on the application and the desired outcome, therefore

leading to the idea of effective or goal-oriented communication. This approach lends itself

well to machine-machine communication, in which we are less concerned with the conveyance

of “meaning” and more concerned with what the system accomplishes. One well-studied way

of quantifying what information is “right” is the popular age of information (AoI) metric

[53], which relates to generating and delivering information at the right time. By defining

other metrics to quantify what is “right” for the problem at hand, a joint optimization can

be carried out to achieve optimal communication.

These four approaches to defining semantics roughly partition the previous research re-

garding SemCom. Based on this analysis of the current literature, we broadly define seman-

tics as any definition of information or the transfer thereof that considers something beyond

the statistical nature of the symbols used to represent that information. This view unites

the definitions discussed above, despite their differences in the “something beyond” that is

considered by each. Of course, these definitions are not mutually exclusive. ML can be used

to determine which information is “right,” just as classical semantic information metrics

can be used to design and tune neural networks. Just as model-based deep learning (DL)

incorporates both prior knowledge and data-driven techniques for inference, graph neural

networks can be used to learn KGs for SemCom. However, by treating each of these defini-

tions individually, a complete picture is given of the current state of SemCom. In the next

sections, we dive into each definition, the engineering approaches that come as a result, and

some of their potentials and challenges.
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Table 2.1: Summary of works in classical semantic information.

Theory of Weakly Semantic Information

Carnap & Bar-Hillel [12] Semantic information using logical probabilities

Bao et al. [54] Definition of semantic entropy and theorems

Basu et al. [55] Semantic compression

Theory of Strongly Semantic Information Floridi [13] Extension of TWSI using truth values

Truthlikeness D’Alfonso [14] Semantic information based on truthlikeness

2.3 Classical Semantic Information

As mentioned earlier, Carnap and Bar-Hillel’s paper An Outline of a Theory of Semantic

Information attempts to tackle the problem of engineering SemCom through the quantifi-

cation of semantic information [12]. This quantification is the first step towards efficient

SemCom, as it allows us to consider ideas such as semantic compression and semantic error.

Therefore, we begin our discussion with the ideas and methods related to classical semantic

information. The works discussed in this section are summarized in Table 2.1.

2.3.1 Theory of Weakly Semantic Information

Following the convention of [13], we will refer to the theory laid out by Carnap and Bar-Hillel

as the Theory of Weakly Semantic Information (TWSI), for reasons that will be discussed

later. TWSI is defined over a language system Lπ
n which contains n “things” (or individuals)

and π primitive one-place predicates (descriptors). An atomic sentence is said to consist of

a single predicate describing a single thing, while a molecular sentence is formed from two or

more atomic sentences joined with some logical connective, including: or, and, if...then, if and

only if. Any sentence can either be logically true, logically false, or logically indeterminate.

Furthermore, logical relations are defined. For example, for sentences i and j, we have i

logically implies j defined to mean that “if i then j” is logically true. A state description

is a sentence in which each of the π predicates is specified for each of the n individuals;

thus completely specifying all aspects of the universe. Common set notation can be used

to talk about “classes” of entities within the universe. For example, [12] describes a system

consisting of three individuals, {a, b, c}, and two binary predicates, young or old (Y or O)
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and male or female (M or F ). Then an example of a state description could be given as “(a

is F and Y ) and (b is M and Y ) and (c is M and O).” Some other possible states are given

below in Table 2.2.

Table 2.2: Some states of an example universe.

a b c

M/F Y/O M/F Y/O M/F Y/O

F Y M Y M O

F O M O M O

M Y M Y M Y

F O M Y F Y

Note that, for binary predicates, a universe will consist of 2nπ possible state descriptions.

Similar to the process in which Shannon developed entropy as a measure of information [6],

Carnap and Bar-Hillel begin with axioms that semantic information (and its corresponding

measures) must satisfy. Denoting the semantic information of a sentence as In(·), the first

axiom is given as

In(i) includes In(j) ⇐⇒ i logically-implies j, (2.1)

meaning that i says everything that is said by j (and possibly more) if and only if j is

implied by i within the logical framework. For example, take i = (a is F and Y ) and j =

(a is F ). Clearly, j is implied by i, and thus the semantic information of i includes that of

j (though the converse is not true). This axiom requires us to treat information as a set or

class of something; it is important to note that the amount of information is arbitrary at

the moment, and must be defined on this set. Some theorems are derived from this axiom,

and the concept of relative information is defined as

In(j/i) := In(i and j)− In(i) (2.2)

where In(j/i) is again some set or class. Continuing the example above, we can see that

In(j/i) = ∅, since In(i and j) = In(i). However, In(i/j) ̸= ∅.

Based on (2.1) and (2.2), a concept of the information of a sentence is defined, and
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is termed the content of a sentence. Content is derived from what is called a content-

element, which is simply the negation of a state description. The content of a sentence

i, denoted Cont(i), is then defined as the set of content-elements logically implied by i.

Intuitively, Cont(i) can be thought of as the set of state descriptions in the overall state-

space (i.e. universe described by our language system) that are eliminated with knowledge

of the sentence i. Take i = (a is F and Y ) as before. Out of the 26 = 64 possible state

descriptions in the universe, this sentence eliminates all 48 in which a is not F or a is not Y ,

and Cont(i) is composed of the negations of all such state descriptions. Clearly then, a self-

contradiction will “say the most” (by eliminating all state-descriptions) and a tautology will

“say the least” (by eliminating no state-descriptions). Similarly, a complete state description

can be thought of as carrying a great amount of information, since it eliminates all other

state descriptions. Note that this notion of information has nothing to do with the truth

of a sentence, which is a point we will revisit. With this idea of information in place, the

primary question is addressed: how shall the amount of information be defined?

The amount of semantic information carried by sentence i is denoted as in(i), and the

following requirements are stated:

Cont(j) ⊆ Cont(i)⇒ in(i) ≥ in(j) (2.3)

Cont(j) ⊂ Cont(i)⇒ in(i) > in(j) (2.4)

Cont(i) = ∅ ⇒ in(i) = 0 (2.5)

Note the subtle difference between In(·) and in(·); In(·) represents the information itself,

while in(·) is used to quantify how much information is given by In(·). Using Cont(·) as the

information content of a sentence, these requirements are straightforward and make intuitive

sense. By (2.3) and (2.4), a sentence containing all the information of another should have

a greater than or equal amount of information, with equality only if the information carried

is the same. By (2.5), the amount of information is zero if the information of a sentence is

the empty set.
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Based on these requirements, two measures are offered as the main contribution of

[12]. The first is termed the content-measure of a sentence, denoted cont(·) (different from

Cont(·)), and is defined as any proper m-function of the negation of a sentence. We will

not go into the details of what constitutes an m-function here (see [12, Section 6] for further

reading), but suffice it to say that it satisfies (2.3)-(2.5), and defines a measure taking values

between 0 and 1, thus representing a logical probability measure. However, a problem arises

with this measure regarding another intuitive requirement not yet stated, namely additivity.

Just as in classic information theory, we would like the information measure of two indepen-

dent sentences to follow additivity, i.e. in(i and j) = in(i) + in(j) for i, j independent; it is

shown that cont(·) does not satisfy this intuition [12, Thm. 6-15]. Thus, a second measure is

proposed and is termed measure of information, denoted by inf(·), not to be confused with

the infimum operator. This second measure is defined as

inf(i) = log2
1

1− cont(i)
. (2.6)

Observe that this measure is analogous to the classical information-theoretic definition of

entropy, making use of the logical probability cont(i) instead of the statistical probability

p(i).

A comparison of these two measures is given in [12], and it is shown that both exhibit intu-

itively desirable properties, and likewise they both exhibit intuitively undesirable properties.

The lack of additivity of cont(·) is one example. Another is that inf(·) lacks a counterpart to

the property of cont(·) stating that cont(i and j) ≤ cont(i) + cont(j). Thus, it is concluded

that neither represent an ideal measure of semantic information, but rather that they both

have specific strengths and weaknesses.

2.3.2 Theory of Strongly Semantic Information

A problem with TWSI occurs when presented with a sentence that constitutes a contradic-

tion, e.g., “i and not i.” As mentioned above, under the definition of Cont(·), this sentence
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would carry with it maximum semantic information. Intuitively, however, we know that a

contradiction should carry no information; it is obviously untrue and leaves the receiver no

less informed than before the reception of the message. This ambiguity manifests itself in

the mathematics of TWSI as well, and is known as the Bar-Hillel-Carnap Paradox (BCP).

Therefore, in [13] Luciano Floridi proposes that truth lies at the root of this paradox, which

can be solved by the incorporation of truthfulness considerations into TWSI.

The theory which follows is outlined in [13] and is deemed a Theory of Strongly Semantic

Information (TSSI). Again, the goal is to develop a theory from which semantic information

can be quantified, which would clearly be a useful theory for the engineering of SemCom.

As a starting point, three desiderata are given:

D.1 Avoid any counterintuitive inequality comparable to BCP

D.2 Treat the alethic (truth) of a sentence not as a supervenient but as a necessary feature

D.3 Extend a quantitative analysis to the whole family of information-related concepts

The core of TSSI is the definition of degrees of vacuity and inaccuracy. The intuitive

idea is that semantic information is related to “how true” and “how false” a sentence is. A

highly vacuous sentence is one that is true, but carries with it little information. Similarly,

a highly inaccurate sentence is false and also carries little information. This brings about

the strange idea that a false sentence may carry more information than a true sentence. As

an example, consider the system of three individuals and two predicates described earlier.

The tautology i = “(a is F ) or (a is M)” clearly provides no information, yet it is always

true nonetheless. In contrast, consider the sentence j = “(a is F ) and (b is M) and (c is F )

and (a is Y ) and (b is Y ) and (c is O)” when c is actually M . While j is false, it is not too

difficult to reason that it carries more information than i.

Mathematically, these concepts are formalized as a positive or negative degree of “seman-

tic distance” of a sentence i from a fixed point, which is defined as the given situation w to

which i is supposed to refer. True statements take on positive degrees between 0 and 1, while

false statements take on negative degrees between −1 and 0. This mapping is denoted by
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the function f(i). For false statements, the degree of inaccuracy simply counts the number

of false atomic statements e in i and divides by the total number of atomic statements, or

the length l of i

f(i) = −e(i)/l(i), (2.7)

where i is a false sentence. On the other hand, the degree of vacuity is more difficult to define

since all atomic statements of a true sentence are true. Therefore, this degree is defined as

the number of situations n (including the true situation) with which i is consistent divided

by the total number of possible situations (sl for a system with s predicates),

f(i) = n(i)/sl, (2.8)

where i is a true sentence, and a “situation” is nothing more than a complete state description

as was defined for TWSI. Note the lack of symmetry between (2.7) and (2.8); this is one

argument against TSSI.

Using these degrees, the degree of informativeness is defined as

ı(i) = 1− f 2(i). (2.9)

Continuing the previous example, the tautology is consistent with all situations, and thus

has a degree of vacuity f(i) = 26/26 = 1 and a degree of informativeness of ı(i) = 1−12 = 0.

Meanwhile the false statement j has degree of inaccuracy f(j) = −1/6 and a degree of

informativeness ı(j) = 1− (−1/6)2 ≈ 0.972, and we see that ı(·) is consistent with intuition.

The relationship between degrees of vacuity and inaccuracy and degree of informativeness is

given in Figure 2.2.

The amount of vacuous information is then defined as the integral of this curve from 0

to the degree of vacuity; the maximum amount of vacuous information is then simply the

integral from 0 to 1, yielding 2/3. Defining this maximum as α and the amount of vacuous

information carried by i as β(i), the amount of strongly semantic information carried by i is
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Figure 2.2: Relationship between degrees of inaccuracy, vacuity, and informativeness.

defined as

ı∗(i) = α− β(i) (2.10)

It is finally argued that ı∗(i) provides a solution to the BCP, in that it shows that

“semantic information about a situation presents an actual possibility that is inconsistent

with at least one but not all other possibilities. A contradiction is not information-rich

because it is not a possibility.” It is stated that in TSSI, a contradiction is simply a limit

instance of “uninformation,” or lack of both positive and negative misinformation.

2.3.3 Semantic Information with Truthlikeness

TSSI is a step in the right direction, but still has some shortcomings with regards to quan-

tifying semantic information. First, the degrees of vacuity and inaccuracy are inherently

asymmetric; the former is a measure depending on the model, and the second is a measure

based solely on the sentence at hand. In addition, it is unclear how to quantify vacuity and

inaccuracy for more complex sentences beyond simple conjunctions of atomic statements.

In [14], Simon D’Alfonso builds on the foundations laid by TWSI and TSSI by expanding

on Floridi’s idea of using “truthlikeness” for quantifying semantic information. Two existing

approaches to quantifying truthlikeness are offered. The first, termed the Tichy-Oddie ap-

proach, computes truthlikeness as the complement of some distance function ∆(·) from the
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statement i and the true statement t [14]:

Tr(i) = 1−∆(i, t) (2.11)

where ∆(·) takes values in [0, 1]. We can see that (2.10) is a particular case of (2.11) with

∆(i, t) = f 2(i). Let Wi denote the set of states in which statement i is true. Furthermore,

define δ
(t)
i as the number of differing atomic statements in state wi and the true state wt,

i.e., the number of false atomic statements in wi. This value is weighted by the inverse of

the number of propositions in the universe. The Tichy-Oddie approach [14] specifies the

distance function as

∆(i, t) =

∑
wi∈Wi

δ
(t)
i

|Wi|
(2.12)

Continuing with the example in the previous subsection, i agrees with all state descrip-

tions, so |Wi| = 64. After computing the sum in the numerator we have ∆(i, t) = 32/64 =

1/2 regardless of the true state. Thus, a statement that is always true provides little infor-

mation no matter the true state of the universe. For the second involving sentence j, we

obtain ∆(j, t) = 1/6 and Tr(j) = 5/6, again matching intuition that the false j carries more

information than the true i.

In general, the function ∆(·) can be any distance measure between the state specified by

the sentence i and that of the true statement t. The Niiniluoto approach [14] makes use of

a different distance metric, namely the min-sum measure

∆γλ
ms(i, t) = γ∆min(i, t) + λ∆sum(i, t) (2.13)

where

∆min(i, t) = min
wi∈Wi

∆(wi, wt) (2.14)

∆sum(i, t) =

∑
wi∈Wi

∆(wi, wt)∑
wb∈B∆(wb, wt)

(2.15)
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and B is the set of all states in the logical space. The state distance is defined as

∆(wi, wt) =
δ
(t)
i

n
(2.16)

where n is some atomic weight. Niiniluoto shows that the min-sum measure of (2.13) satisfies

certain adequacy conditions.

Finally, D’Alfonso proposes a novel measure, termed the value aggregate measure, which

is claimed to lie in between the Tichy/Oddie and Niiniluoto approaches. First, each state is

assigned a value, with

val(w) =
t(w)

n2n
(2.17)

where t(w) is the number of true atoms in state w, and n is the number of propositional

variables in the logical space. The following algorithm is used to calculate information yield

for a statement i:

1. Determine Wi.

2. Place members of Wi into an array X1 and order from lowest to highest value.

3. Create empty array X2 of length 2n. Fill the first |Wi| elements with the array X1.

Use the last (highest value) element of X1 to fill the remain spaces of X2.

4. Sum the values of X2 to get the information measure.

It is claimed without proof that the value aggregate measure satisfies many of the adequacy

conditions listed by Niiniluoto. A summary of the measures discussed in this and the previous

sections is provided in Table 2.3.

2.3.4 Extensions of the Theory of Weakly Semantic Information

These approaches to quantifying semantic information, namely TWSI, TSSI, and truthlike-

ness, all provide the groundwork for a theory of semantic information, which could enable

SemCom. In [54], TWSI is used as a foundation for a general, abstract SemCom model.

First a semantic information source is defined as a tuple (Ws, Ks, Is,Ms), where
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Table 2.3: Summary of classical semantic information measures.

Method Measure Benefits Drawbacks

TWSI [12]
cont(i) • Simple measure satisfying (2.3)-(2.5) • Does not satisfy independent additivity

• Only dependent on logical probabilities • Trouble with contradictions (BCP)

inf(i) =

log2
1

1−cont(i)

• Satisfies (2.3)-(2.5), independent additivity • Does not satisfy triangle inequality

• Only dependent on logical probabilities • Trouble with contradictions (BCP)

TSSI [13]

f(i) =
−e(i)/l(i) (i
false),
f(i) = n(i)/sl (i
true)

• Avoids BCP by considering truth • Asymmetric: different measures for true
and false statements

• Satisfies intuition that true and false state-
ments carry information

• Unclear how to define for more complex
statements

Truth-

Tr(i) =

1−
∑

wi∈Wi
δ
(t)
i

|Wi|

• Avoids BCP by considering truth • Addition of false statement can
increase information yield

likeness [14]

• Provides flexibility through adjustment of
atom weights

Tr(i) =
1−γ∆min(i, t)+
λ∆sum(i, t)

• Avoids BCP by considering truth
• May not be applicable in certain
scenarios

• Satisfies several adequacy conditions

• Ws is the world model (potentially observable by the source),

• Ks is the background knowledge of the source,

• Is is the inference procedure of the source,

• Ms is the message generator used by the source.

The semantic receiver is defined by the analogous tuple (Wr, Kr, Ir,Mr). The source model

is further specified by assuming that the world model Ws is a set of interpretations with

probability distributions µ; for the familiar example of propositional logic, an interpretation

would be a set of positive propositions. The inference procedure Is is then defined as a

satisfiability reasoner for the propositional logic, and the message generator Ms employs a

fixed coding strategy. The model entropy is then given by

H(W ) = −
∑
w∈W

µ(w) log2 µ(w) (2.18)

Lettingm(x) denote the logical probability of a message x within this model, the semantic
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entropy of x is defined as

Hs(x) = − log2(m(x)). (2.19)

Note that this is equivalent to the TWSI measure given by (2.6) with m(x) = 1 − cont(x).

When the knowledge base Ks is included in this formulation, the set of possible worlds

is restricted to a set compatible with Ks. This brings about the notion of conditional

semantic entropy, where m(x|K) now denotes the logical probability of x conditioned upon

the background knowledge, and we have

Hs(x|K) = − log2(m(x|K)). (2.20)

Letting X be a finite set of allowed messages with probability distribution P (X), we

know the classic Shannon entropy of X as

H(X) = −
∑
x∈X

P (x) log2 P (x). (2.21)

The following theorem relates the model (semantic) entropy (2.18) to the message (syntactic)

entropy (2.21):

Theorem 1. H(X) = H(W ) +H(X|W )−H(W |X).

Proof. See [54]. ■

The main implication of Theorem 1 is a formal method of quantifying semantic uncer-

tainty that is rooted in the TWSI and relating it to classic Shannon entropy. As entropy is

used to quantify information in classic information theory, this gives a way of comparing the

syntactic information and the semantic information under the present world model.

The authors in [54] then discuss the idea of using semantics for data compression. In-

tuitively, the idea is that some messages may be semantically equivalent without being

syntactically equivalent. For example, many times we are able to understand the true mean-

ing of text despite some minor errors in spelling or grammar. Hence, a syntactic error does

not necessarily induce a semantic error. Based on this principle, the idea is that we can
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achieve maximum compression by choosing the smallest semantically equivalent message for

communication. Let X denote the smallest subset of X such that each x ∈ X is semantically

equivalent to some x ∈ X.

Theorem 2. For a semantic source with interface language X, there exists a coding strategy

to generate a semantically equivalent interface language X ′ with message entropy H(X ′) ≥

H(X). No such X ′ exists with message entropy H(X) < H(X).

Proof. See [54]. ■

Theorem 2 provides bounds on the maximum achievable data compression give a model

as described above. Note that Theorem 2 is analogous to the classical source coding theorem,

in that it gives existence of such a code but no insight into how to design the coding strategy.

The final major result of [54] is the so-called semantic channel coding theorem. Some

notations used include:

• I(X;Y ) = H(X)−H(X|Y ) is the traditional information-theoreticmutual information

between X and Y

• Hs(Y ) = −
∑

y p(y)Hs(y) is the average logical information of received messages

Theorem 3. For every discrete memoryless channel, the channel capacity

Cs = sup
P (X|W )

{I(X;Y )−H(W |X) +Hs(Y )} (2.22)

has the following property: For any ϵ > 0 and R < Cs, there is a block coding strategy such

that the maximal probability of semantic error is less than ϵ.

Proof. See [54]. ■

Similar to Theorem 2, Theorem 3 provides a result that parallels the classic channel

coding theorem of information theory. This result gives a bound on the maximum amount

of information that can be transmitted for some arbitrary probability of semantic error.
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Figure 2.3: Bipartite fact-conclusion graph model of a knowledge base.

In [55], the general model and results of [54] are extended and practical semantic com-

pression algorithms are given based on graph theoretic results. However, basic definitions,

such as the semantic source and receiver, are different from those in [54], making it difficult

to relate this work to previous results. Perhaps the most useful contribution of [55] is a

discussion of some practical techniques for semantic compression.

The first suggested idea is to allow non-uniquely decodable codes. This fits the case in

which a certain syntactic message represents two semantically equivalent states, i.e., mes-

sage x could be decoded as either state a or b. Another idea is to extend the concept of

erasure channel codes, such that some bits are intentionally “erased.” With this approach,

only partial information may be recovered at the receiver, with some intentional semantic

ambiguity.

A practical algorithm is then suggested for a system in which the source and the receiver

share a knowledge base that is defined as a bipartite fact-conclusion graph, see Figure 2.3.

The problem studied is that in which the source wants to convey a set of conclusions to the

receiver in as few symbols as possible (where both facts and conclusions can be transmitted

and are equally expensive). This problem reduces to computing the minimum-vertex cover

which is solvable in polynomial time for bipartite graphs. This simple example represents a

situation in which semantic compression is computationally feasible, given the assumption

on background knowledge.
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2.3.5 Summary

The classical semantic information approach attempts to mirror the path followed in the

monumental development of information theory to define and quantify semantic information.

TWSI attempts to achieve this through the use of logical probabilities rather than statistical

probabilities. However, this theory contains a paradox in which a contradiction carries

maximal semantic information. As a remedy, TSSI introduces the use of truth values to

quantify semantic information, based on the idea that both false and true statements can

carry varying degrees of information. This idea has been extended through the introduction

of various truthlikeness measures for quantifying semantic information. Recently, some have

attempted to extend the original TWSI, relating semantic entropy to traditional information-

theoretic entropy and providing analogous source-coding and channel-coding theorems. All

of these approaches seek to quantify semantic information of a sentence through the use of

logical probabilities and truth values.

With regards to the motivating problem described in Section 1.1, namely, the trend of

exponentially increasing global data traffic, the works described in this section provide no

quantitative results addressing this issue. This is due to the fact that these works are more

concerned with the development of semantic information theory, rather than the subsequent

use of this theory for SemCom. That is not to say that the presumed benefits are nonexistent,

however, and future work in this area should seek to confirm this potential.

2.3.6 Challenges and Opportunities

Given the ability to quantify semantic information, development of optimal coding techniques

(source and channel) should follow. However, as can be seen from the previous discussion,

this quantification is no trivial task. A definition of semantic information itself is elusive, and

attempts to quantify it become mired with paradoxes and counter-intuitive results. However,

should such a complete theory exist, the benefits that would follow are clear, thus presenting

a major opportunity.

Previous work seems to point to the idea of truthlikeness as the best approach to quan-
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tifying semantic information. The main challenge with this approach is the need for a large

knowledge base. Simple examples are given using propositional logic models consisting a

few objects and propositions, but the size of these models explodes for more realistic and

practical systems. Furthermore, these models must be predefined and known at both the

source and receiver, which introduces further complications. Another challenge is selection

of the correct information measure. As we have seen, there is no single measure for semantic

information; the available measures all come with their respective strengths and shortcom-

ings.

A clear opportunity lies in the further development of the theory of semantic information.

While significant progress has been made on the subject, a unifying and ubiquitous theory

does not yet exist. Another promising opportunity is the incorporation of existing semantic

information measures into practical systems. In particular, neurosymbolic AI has become

a field of great interest as of late [56]. By combining the strengths of symbolic logic and

DL, neurosymbolic AI could enable powerful learning systems that are capable of logical

reasoning. By applying neurosymbolic AI to the problem of SemCom, perhaps the logical

model at the source and receiver could be learned from data. Then, the DL architecture

could be used to efficiently facilitate SemCom. As all of the previous work on semantic

information quantification relies to some degree on propositional logic, the application of

neurosymbolic AI seems to be a perfect fit.

2.4 Knowledge Graph-Based Semantic Communication

SemCom necessarily requires a knowledge base at both the transmitter and receiver. The

engineering of SemCom thus requires some form of knowledge representation to encapsu-

late the knowledge at the transmitter and receiver. One prevalent method of representing

knowledge is through the use of a knowledge graph (KG). Although a particular KG may

be defined in different ways, in general a KG can be said to use a graph structure to model

a given knowledge base. For example, nodes of the graph could represent objects, while

edges represent relations between the objects. By referencing the KG, a system can then
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Table 2.4: Summary of works in KG-based SemCom

Knowledge Representation

Delgado-Frias & Moore [45] “Semantic network” as a KG

Mertoguno & Lin [46] Evolution of a distributed knowledge base

Swartout et al. [57] Using ontologies to share knowledge

Semantic Similarity

Rada et al. [21] Link-based similarity measure on KGs

Resnik [22] Node-based similarity measure on KGs

Jiang & Conrath [23] Similarity measure considering both links and nodes

Sathya & Uthayan [58] Measure of quality for an entire ontology

Semantic Sensor Web

Sheth et al. [59] Semantic sensor web

Gyrard et al. [60] Semantic sensor web for machine-to-machine communication

Chun et al. [61] IoT directory for the semantic sensor web

Bhajantri & Pundalik [62] Data-processing for the semantic sensor web

Schachinger & Kastner [63] Semantic interface for building automation

Lakka et al. [64] Interoperability of semantic systems

Semantic Communication

Jeong et al. [65] Semantic error correction of spoken queries

Zhang et al. [66] Model for semantic NLP

Li [2] Text analysis and character recognition with a KG and ML

Wang et al. [67] Hybrid KG/ML model for explanation of recommendations

Aumayr et al. [68] Recommendation system for wireless network operation

He et al. [69] Model for general goal-based communication

Güler et al. [70] Optimal SemCom with game theory

Working with Knowledge
Wei et al. [71] Reasoning over large KGs

Graphs
Zheng et al. [72] Embedding of large-scale KGs

Zhu et al. [73] Fusion of KGs

perform communication that is semantically-aware. The works discussed in this section are

summarized in Table 2.4.

2.4.1 Knowledge Representation with Knowledge Graphs

One of the earliest works making use of this idea was published in 1989, which proposes

a so-called “semantic network architecture” for AI processing [45]. Arguing that knowl-

edge representation and manipulation is required for AI, a multi-processor architecture is

proposed. This semantic network takes the form of a KG, in which nodes are defined as

concepts and edges are defined as relationships between concepts. Figure 2.4 gives a sim-

ple example of a KG. The architecture is composed of a grid of processing elements which

compute the corresponding links and nodes associated with the semantic network. By build-
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ing the architecture in such a manner, it is argued that the system can perform intelligent

actions, such as labeling the scene of a given image (computer vision).

Instrument

Piano

Playing Music

Is an

Used for

Is part of

Tool

Construction

Hammer

Used for

Is a Is a

Gardening

Shovel

Used for

Figure 2.4: An example KG.

Other early studies into knowledge representation with KGs include [46] and [57], pub-

lished in 1996 and 1997, respectively. In [46], the problem of a distributed knowledge base

is studied using KGs. Specifically, the challenges of evolving the distributed knowledge and

controlling this evolution are considered. This distributed knowledge base is framed as a

multi-agent system in which some communication exists between the agents. Within the

system, each agent possesses a simple KG and agents collaborate to perform global infer-

encing. Participating agents receive distributed rewards after correct inferences, resembling

a multi-agent RL scheme. A crossover operator is adopted from genetic algorithms to facili-

tate knowledge evolution. Distributed knowledge bases are also the focus of [57], which uses

the idea of a large-scale shared ontology. Here, an ontology is defined as “a hierarchically

structured set of terms for describing a domain,” from which a knowledge base can be con-

structed. The key idea is that if two knowledge bases are formed from the same ontology,

knowledge can be easily shared between the two. An analogy would be two people from

the same culture; the shared cultural norms and ideas would serve as the so-called ontology,

and though their knowledge bases will not be the exact same, intuitively it will be easier

for them to communicate given their shared background. A set of desiderata for ontologies

is given, essentially proposing that ontologies should represent large-scale, living documents

from which we can define smaller, application-specific knowledge bases. This idea is the
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basic premise behind the Web Ontology Language standards that shape the semantic web

[74].

2.4.2 Semantic Similarity Measures on Knowledge Graphs

As was seen in the previous section, an important idea for SemCom is the idea of semantic

similarity. In the sense of classical semantic information, logical probabilities and truthlike-

ness were used to define this similarity. How should one quantify semantic similarity given

a KG representation? This is a question that some began to address around the time KGs

emerged as a way of representing knowledge. In [21], a metric of semantic similarity, or

distance, is proposed and simply termed Distance. The authors assume a KG that consists

of an is-a hierarchy, see Figure 2.5 below. This Distance metric is defined for sets of concepts

Shape

Sphere

Earth

Is a

Is a Is a Is a

Organism

Cricket

Insect

Is an

Is an

Activity

Basketball

Game

Is a

Is an

Figure 2.5: Example of an is-a KG, where all edges represent an is-a relationship.

and is dependent upon the path lengths between nodes in a KG; formally, it is defined as

the average minimum path length over all pairwise combinations of nodes between two sets

of nodes, i.e., for sets of nodes X and Y ,

Distance(X ,Y) = 1

|X ||Y|
∑
y∈Y

∑
x∈X

d(x, y), (2.23)

where d(x, y) is the shortest path between x and y. For example, consider the distance

between the sets {Sphere, Earth} and {Basketball} in the KG shown in Figure 2.5. The
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shortest path between Sphere and Basketball is 1, while the shortest path between Earth

and Basketball is 2, yielding a total distance of 3/2. Repeating for the sets {Sphere, Earth}

and {Cricket}, we obtain a distance of 7/2, and thus we can conclude that the concepts

{Sphere, Earth} are more similar to the concept {Basketball} than {Cricket}. It is shown

through experimental results that (1) Distance can simulate human assessments of concep-

tual distance and (2) Distance can evaluate some cognitive aspects of semantic networks.

However, it is also found that Distance is less applicable to nonhierarchical KGs.

An alternate measure is presented in [22], again for an is-a taxonomy KG. First, it is

noted that link-based measures, such as (2.23), suffer from the fact that links in the taxon-

omy are assumed to represent uniform distances, while in reality some linked concepts may

be “closer” than others. Indeed, for the average person in the United States, {Basketball}

probably shares a stronger intuitive link to {Game} than {Cricket} does, while this associa-

tion may differ elsewhere. Therefore, a node-based measure is proposed based on the notion

of information content. First, the KG is augmented with a function p : C → [0, 1] where C is

the set of all nodes in the graph. p(c) can be thought of as the probability of encountering

a concept c; thus, concepts higher in the taxonomy will have greater probability. Then we

can define the semantic similarity between two concepts as

sim(c1, c2) = max
c∈S(c1,c2)

− log p(c) (2.24)

where S(c1, c2) is the set of concepts that subsume both c1 and c2. Intuitively, this measure

computes the log-inverse probability of the most-specific node (farthest “down” in the tax-

onomy) which branches to both concepts; therefore, the farther down this node, the smaller

it’s probability, and the greater the similarity measure. For example, in Figure 2.5, this

would imply that {Cricket} is more similar to {Basketball} than to {Earth}.

Combining (2.23) and (2.24), The authors of [23] develop a new measure for the is-a

taxonomy KG that provides an even higher correlation with human similarity judgment

benchmarks. It involves a link-based calculation which takes into consideration node-based
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Table 2.5: Summary of KG-based semantic similarity measures.

Method Measure Benefits Drawbacks

Link-Based [21] Distance(X ,Y) =
1

|X||Y|
∑

y∈Y
∑

x∈X d(x, y)
• Simple to compute • Each link assumed equi-distant

• Intuitive • No node-based information

Node-Based [22] sim(c1, c2) =
maxc∈S(c1,c2) − log p(c)

• Links not necessarily equi-distant • Requires additional function p

• Interpretable, based on probabilities

Node/ Dist(c1, c2) =
minpath(c1,c2)

∑
c wt(c, pc)

• Incorporates both notions • Requires additional function p
Link-Based
[23] • Achieves highest human correlation • Complicated to compute

edge weights. First, information content is defined in the same way as in [22]:

IC(c) = − log p(c). (2.25)

Then it is argued that the strength of a child link is dependent on the information content

of the parent node,

LS(c, pc) = IC(c)− IC(pc), (2.26)

where pc is the parent node of c. This link strength, among other factors, is used to compute

an overall edge weight wt(pc, c) between the child c and parent pc. Finally, the semantic

similarity, denoted as Dist, is defined as summation of edge weights along the shortest path

linking two nodes

Dist(c1, c2) = min
path(c1,c2)

∑
c∈{path(c1,c2)−LSuper(c1,c2)}

wt(c, pc) (2.27)

where LSuper(c1, c2) is the lowest super-ordinate of c1 and c2. Note that in [23], Dist(w1, w2)

is used, where w1 and w2 are introduced to address the scenario when one node belongs to

multiple inheritances. An evaluation of this metric shows a correlation value of 0.828 with

human similarity judgments, higher than the node-based and link-based measures alone.

This implies that considering link strength within a KG can lead to much more reasonable

similarity judgments. A summary of the KG-based semantic similarity metrics described

here are given in Table 2.5.
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While (2.23), (2.24), and (2.27) all give ways to measure semantic similarity within a

KG, the authors of [58] have recently proposed a semantic metric to assess the quality of

an entire ontology. It is argued that most existing metrics for ontology assessment consider

only structural properties, and ignore the semantics of the ontology. The proposed metric is

termed the “relationship deviation metric” and is determined by the number of breadthwise

and depthwise relationships in the KG. It is shown that the proposed metric captures the

quality of some example ontologies.

2.4.3 The Semantic Sensor Web

One prevalent use of KGs for semantics is the so-called semantic sensor web (SSW) proposed

by the authors of [59], which uses ideas from the semantic web. Namely, metadata is captured

along with the desired data from each sensor, such that better sense can be made of the

observations (similar to how metadata can be used to determine what is contained within a

webpage). For example, providing the total lifetime of a sensor may lead to more informed

decision-making; a sensor that has been operating well past its expected lifetime may be more

likely to produce faulty measurements. With regards to communication, this metadata can

provide the context necessary for semantically efficient communication within the network.

The suggested core set of attributes in [59], as adopted from the RDFa language [75], are

• about : a triple that specifies the resource metadata is about

• rel and rev : specify a relationship or reverse-relationship with another resource

• href, src, and resource: specifies the partner resource

• property : specifies a property for the content of an element

• instanceof : optional, specifies the RDF type of the object

Furthermore, [59] advocates for the use of ontologies along the three types of semantics

associated with sensor data: spatial, temporal, and thematic. Once these ontologies have
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been defined, rule-based reasoning can be implemented to provide better inferences from

sensor observations.

Building on this idea of an SSW, [60] proposes a semantic-based approach to automati-

cally combine, enrich, and reason about machine-machine data to support IoT applications.

One key idea is that the meaning of new information is pre-defined in an ontology, and there-

fore the ontology can facilitate the fusing of cross-domain knowledge. Suppose we possess

an ontology which stores weather-related knowledge and soil-related knowledge and the re-

lations between the two; by leveraging this shared knowledge, it might be possible to achieve

smarter fusion of the data for agricultural decision-making. A concept called “Linked Open

Rules” is defined as a means of sharing and reusing semantic rules, and some examples

are given that demonstrate the proposed concept, including a weather monitoring applica-

tion. In [61], an IoT directory, called IoT-DS, is proposed to support semantic description,

discovery, and integration of new objects as an alternative approach to building a SSW.

One key difference is that IoT-DS distinguishes static and dynamic components, based on

whether other attributes vary with time. It is shown that IoT-DS provides a 40% reduction

in communication overhead as compared to a naive approach.

Some other recent works that look at the idea of a SSW are [62–64]. In [62], a survey of

data processing techniques for SSW is provided, as well as another take on the architecture

of a SSW, which is partitioned into physical, semantic, application and controller layers.

The authors of [63] consider the problem of a semantic interface for machine-machine com-

munication, this time with the intended application of building automation. Requirements

are defined for the building automation problem, from which an interface is developed and

an ontology formed. The authors of [63] provide an example of how KG-based semantics can

be utilized to engineer a SSW for a specific application. Finally, the authors of [64] study

the general problem of semantic interoperability, or the ability to interact and exchange

data with shared meaning, between systems. An interoperability mechanism termed SEMI-

oTICS is proposed, in which an IoT application request is received by a directory which then

connects the corresponding sensor and actuator to fulfill the request.
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2.4.4 Knowledge Graphs for Semantic Communication

The works discussed in the previous section are similar to the idea of the semantic web,

in that they focus more on how to semantically describe objects rather than the task of

SemCom itself. One of the first works utilizing a KG for SemCom is [65], which focuses on

semantic error correction for spoken query processing. Spoken query processing, or question

answering, has become a hot topic as of late (more on this in Section 2.5). The authors

of [65] propose the use of two KGs: a domain dictionary and an ontology dictionary. The

first represents application-specific knowledge, while the second contains the pure general

knowledge of the world. In the agricultural setting mentioned above, the ontology dictionary

might contain general information that does not vary between crops or location, while the

domain dictionary might consist of site-specific information. For a spoken query, the semantic

recovery stage involves the use of a semantic confusion table based on the domain knowledge

to replace semantic errors. Lexical, or syntactic, recovery is then performed based on the

corrected semantic phrase. Experiments performed on the domain of in-vehicle telematics

show that the technique yields a 37% reduction in term-error-rate as compared to baseline

models. This decreased error rate bodes well for traffic reduction in communication systems,

as less information will need to be re-transmitted due to errors.

In recent years, some have sought to apply KG-based semantics to text-based commu-

nication. The authors of [66] look to apply KGs to the problem of NLP, and proposes an

enhanced language representation model termed ERNIE, which is an enhancement of the

popular NLP model BERT [76]. The model operates by first recognizing entities in some

text, and matching these to entities in a pre-defined KG. The KG representation is then

embedded using known algorithms, such as TransE [77], and then used in conjunction with

standard text embeddings as the input to an aggregator. DL encoder-decoder techniques

are then used to perform common NLP tasks. In [2], a hybrid KG-ML approach is proposed

to perform text analysis through character recognition. The model first uses DL to perform

character recognition over two bodies of text, then uses semantic measures to quantify how

similar the bodies of text are. To quantify the semantic similarity, each word is modeled as
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a word in a graph, and corresponding distance metrics are proposed. The general framework

is illustrated in Figure 2.6. Through experiments carried out on Dickinson’s Portfolio, it is

concluded that the performance of the proposed technique can meet real-time recognition

requirements.

Semantic
Label

Trained ML ModelDocument Image

Character Recognition Semantic Classification

Knowledge Graph

Figure 2.6: Simplified diagram of the framework proposed in [2] for semantic document
analysis.

Another application of KGs for SemCom involves recommendation systems, in which

the goal is for an automated system to make the best possible recommendations to some

user. One way that KGs have been used for this task is to enhance explainability of the

recommendations [67]. Explainability can enhance a user’s experience when receiving rec-

ommendations, e.g., Amazon suggesting products to a user “based on previous purchases.”

In [67], a model termed Knowledge Path Recurrent Network is proposed as a hybrid KG-ML

model. This model works on a KG which contains objects in the recommendation system

and performs reasoning based on the paths in the KG to infer user preference. In the Amazon

example, products would be modeled as nodes in the KG, and the software might suggest to a

user a product with the shortest path length to that just purchased by the user. A long short-

term memory (LSTM) network is adopted to model the sequential dependencies of objects

and relations, from which a pooling operation is used to obtain the prediction. By modeling

the sequential dependencies, the system can offer an explanation for each prediction. One

scenario where a recommendation system is useful is wireless network management, where

an automated system can recommend the best course of action to an operator. The growing

complexities of these networks can make management difficult for a human operator, while

automated methods might not always make the best decisions. Thus, a hybrid approach

has some benefits. The authors of [68] focus on gathering context from a wireless network

and correlating it with useful information from documents in the network provider’s domain
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using KGs. The KG is formed from two types of documents: product troubleshooting man-

uals and incident/troubleshooting reports by technicians. The first provides well-structured

problem solving instructions, while the second provides important links between symptoms

and issues. This KG is then used to reason about new problems that arise, and recommend

a course of action for the operator. Experiments show a decrease of up to 91% of the doc-

uments that are presented to an operator, drastically reducing the amount of information

involved in the communication process.

Finally, there has been some work on the more general scenario where two agents strate-

gically communicate to achieve some goal, in which KGs are used to facilitate communi-

cation. The authors of [69] study a symmetric collaborative dialogue setting in which two

agents communicate to achieve a common goal. Each agent possesses private knowledge.

The model, termed Dynamic Knowledge Graph Network, models the dialogue state as a KG

which evolves as the conversation advances. The graph contains three types of nodes, namely

item, attribute, and entity nodes. These nodes are embedded, and used as an input to a

LSTM network. Provided this embedding and an embedded utterance from another agent,

the network generates an utterance in response. Experiments show that Dynamic Knowledge

Graph Network is able to hold a coherent and strategic conversation with a human, and that

the number of entities and attributes uttered to achieve the goal are reduced by 47% and

17%, respectively, when compared to baseline rule-based communication strategies. Goal-

oriented communication naturally lends itself to game-theoretic analysis, which is the focus

of [70]. In goal-oriented communication, as in game theory, there are two or more agents that

seek to achieve some goal, and can employ multiple strategies to reach said goals. Similar to

[69], in [70] communication is modeled as taking place between two agents, with the addition

of a third agent who could aim to either improve/deteriorate communication performance.

The optimal transmission policies are characterized, where optimality is defined as minimiz-

ing end-to-end semantic error. This error is derived from the semantic similarity measures

proposed in [21–23]. The interaction is modeled as a Bayesian game, where uncertainty is

introduced about the characteristics of other agents. It is shown that, in the static scenario,

that finding encoding/decoding strategies to minimize average semantic error is an NP-hard
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problem, and two algorithms are proposed. In addition, it is demonstrated that when the

third agents signals its true nature to the communicating agents, a sequential equilibrium

is attainable, i.e., when sufficient information is available regarding the intentions of agents

involved in the communication, efficient SemCom can be achieved. It is shown that judicious

transmission policies can greatly reduce semantic errors.

2.4.5 Working with Knowledge Graphs

In the previous sections, we have seen how KGs can be used to facilitate SemCom. If our

goal is to engineer SemCom through the use of KGs, then we must develop effective methods

of working with KGs. Reasoning over, i.e., deriving knowledge from, a KG is a challenge

that becomes more difficult with increasing scale of the KG. In [71], a reasoning system is

proposed for large-scale KGs. This system, termed KGRL, is based on the web ontology

language 2 rules logic which was developed for the semantic web. Using the rules defined

by this logic, the iterations of the reasoning procedure are reduced based on dependency

relations and multiple applications of these rules. Experiments show that KGRL is able to

greatly increase reasoning efficiency as compared to state-of-the-art reasoning systems.

Many of the works previously discussed combined KG methods with DL methods, which

requires an embedding of the KG into some vector space. This embedding essentially aims

to preserve the knowledge represented by the graph in the embedding space. Similar to

reasoning, this task becomes difficult at large scales. The authors of [72] study the problem

of training KGs at scale, proposing a technique termed DGL-KE to efficiently perform KG

embeddings. DGL-KE provides optimized embeddings for three types of hardware configura-

tions: (1) many-core central processing unit (CPU) machines, (2) multi-graphics processing

unit (GPU) machines, and (3) a cluster of CPU/GPU machines. For each hardware type,

the DGL-KE takes advantage of parallel processing to fully utilize the computing hardware.

The allocation of memory resources throughout the process is specifically designed for each

hardware type, and mini-batch training is utilized to perform the embedding. Other opti-

mization techniques employed by DGL-KE are graph partitioning, negative sampling, data
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access to relation embeddings, and applying gradients to global embeddings. Experiments

for hardware types (1) and (2) demonstrate improved efficiency compared to other methods.

Another interesting problem is that of KG fusion. For example, say that when a new agent

joins the network, we wish for it’s knowledge to be merged with the overall knowledge of the

network. If both knowledge bases are represented by KGs, how should we fuse them together?

One way is by instance matching, which establishes a semantic link between instances in KGs.

The authors of [73] propose a method called Follow-the-Regular-Leader Instance Matching

(FTRLIM), which is able to match instances between large-scale KGs with approximately

linear time complexity. The FTRLIM framework is based on an blocking algorithm called

MultiObJ, which divides instances into blocks and is also developed in [73]. Through various

experiments, FTRLIM is shown to perform effective and scalable KG fusion.

For more information on the field of KGs, we direct the interested reader to [47], which

provides a recent and comprehensive survey covering (1) KG representation learning, (2)

knowledge acquisition and completion, (3) temporal KGs, and (4) knowledge-aware applica-

tions (such as SemCom).

2.4.6 Summary

Following the large amount of research that has been dedicated toward the semantic web,

there have been many works which seeks to utilize KGs for SemCom. This idea stems from

the fact that some kind of knowledge representation is required for SemCom, and a common

way of representing knowledge is with KGs. Furthermore, some have proposed similarity

measures for concepts within a KG, which can be used to quantify semantic similarity.

This form of knowledge representation has been proposed for use in the so-called semantic

sensor web, which extends the semantic web to physical sensor networks. Various works

have attempted to leverage KGs for different SemCom scenarios, including recommendation

systems and general goal-oriented communication. Methods such as hybrid ML-KG systems,

game theoretic techniques, and others have been applied to achieve this communication.

Finally, some have studied the specific problem of working with the KG itself, which will
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be important when implementing these systems at scale. The key idea behind KG-based

SemCom is that knowledge, and therefore meaning, can be captured by a KG and utilized

by the semantic system.

Some of the works mentioned above have provided quantitative results demonstrating

improved performance with regards to communication efficiency. As mentioned, results in

[61] indicate a reduction of around 40% in overall network traffic. Results from [65] show

decreased error rates using semantic techniques, which in turn has implications for reduced

communication traffic. Experiments in [69] show that goal-oriented SemCom can reduce the

amount of entities and attributes communicated by 47% and 17% respectively. In a more

specific example, results from [68] demonstrate that SemCom can reduce the amount of total

information conveyed in a recommendation system by up to 91%. These results, stemming

from diverse examples and use-cases, show that KG-based SemCom can address the issue of

increasing data demands with more efficient communication.

2.4.7 Challenges and Opportunities

KGs are a popular way of representing knowledge in a system, which can then be used to

facilitate SemCom. However, this approach does not come without its challenges. First of

all, as knowledge in the system grows, the KG can become massive. As was discussed in

the previous subsection, working with KGs becomes difficult as they grow larger. Scalability

is a challenge that must be addressed for efficient SemCom. This difficulty is amplified

in systems with stringent communication requirements, such as those requiring real-time

operation. Another challenge is that a KG must be predefined with some prior knowledge of

the system, reducing the ease of deployment. Building these graphs can be time-consuming

and therefore costly.

These challenges present opportunities as well. Further development of scalable methods,

such as those in [71–73], will be required for the practical use of large (and thus more

expressive) KGs. Furthermore, techniques such as transfer learning present a promising

approach toward reusing existing KGs for new applications, such that a KG does not need
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to be built from scratch for each deployment. Another exciting field is of ML and DL on

graphs. These techniques can be employed to learn optimal embeddings and relations from

existing data, and bring with them all of the benefits that have been achieved with DL in

other domains.

2.5 Machine Learning-Based Semantic Communication

The field of ML has seen an explosion of activity in recent years. At its core, ML seeks to

learn from data in order to better perform some task. The availability of massive amounts

of data and advanced algorithms have enabled the practical implementation of ML in many

domains, including NLP [78], computer vision [79], and others. Over the past few years,

some have sought to utilize the power and flexibility of ML to develop SemCom systems.

The general idea behind these approaches is to “learn” the semantics of the problem. Just

as in image processing, where the key features for classifying an image may be hidden to us,

the semantic aspects of communication may be unknown. Through the use of ML methods,

these latent semantic features can be learned through training and added to the system’s

knowledge base automatically. Thus, by utilizing learning methods, these systems address

one of the key challenges inherent to KG-based SemCom, namely the requirement of a

predefined knowledge base. In this section, we will take a closer look at some of these works

to illustrate the ML-based approach to SemCom. The works discussed in this section are

summarized in Table 2.6.

2.5.1 Deep Learning Methods

DL is a subset of ML which utilizes DNNs to perform prediction and decision-making tasks

[90]. These networks are trained through an iterative update of the network parameters,

which is typically accomplished through some gradient-based method. Modern DNNs come

in many different forms, such as the classic multi-layer perceptron [91], convolutional neural

network (CNN) [92], recurrent neural network (RNN) [93], etc. As with any DL problem, a
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Table 2.6: Summary of works in machine learning-based SemCom.

Deep Learning

Lu et al. [80] Ensuring mutual understanding using a LSTM-RNN

Hua & Du [3] GAN for cross-modal retrieval

Huang et al. [81] Semantic coding of images with a GAN

Qiao et al. [82] CNN, RNN for scene text recognition

Tong et al. [83] Audio-based SemCom with CNN and federated learning

Zhou et al. [84] Text-based SemCom using a transformer

Sana & Strinati [85] End-to-end communication with semantic symbols using a transformer

Xie et al. [4] Text-based SemCom with DeepSC

Weng et al. [51] Speech-based SemCom with DeepSC-S

Xie et al. [52] Visual question answering with MU-DeepSC

Xie & Qin [50] SemCom for IoT with L-DeepSC

Reinforcement Learning

Lu et al. [86] General SemCom with arbitrary similarity function

Wang et al. [87] Reinforcement learning over a KG for text communication

Lotfi et al. [88] Collaborative deep reinforcement learning with heterogenous agents

Yun et al. [89] Reinforcement learning for air-to-ground SemCom

key consideration is how to choose the loss function, which will determine how the parameters

are tuned. For more on information on DL, please see [90].

Regarding SemCom, DL can be used in many different ways, often depending on the

modality of communication (text, images, speech, etc.). One of the first works employing

DL for SemCom provides an illustrative example. In [80], aviation radiotelephony com-

munication is considered, where a statement spoken by one party is repeated by the other

to ensure understanding. In this scenario, clear and reliable communication is crucial, as

misunderstandings can lead to accidents and crashes. To minimize semantic errors (i.e.,

misunderstandings between pilots and air traffic control), a LSTM RNN is proposed. The

LSTM-RNN takes as its input a pilot-air traffic control sentence pair. To train the network,

statement pairs are assigned a similarity R, ranging from R = 0 to R = 1, with 1 indicating

the strongest semantic similarity. Clearly, a strong similarity is desired; we want the pilot

and air traffic control to be on the same page. The network is then trained to minimize the

cross-entropy error:

L = −
N∑

n=1

R∗ log(R) + (1−R∗) log(1−R) (2.28)

where R∗ is the true label value and R is the predicted consistency value. After training,
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Figure 2.7: Basic framework of the multi-modal GAN approach proposed in [3].

the network can be used to classify new statement pairs; if a pair is found to be semantically

inconsistent, a signal can be given to either party to correct the misunderstanding.

Another interesting problem involving SemCom is that of cross-modal retrieval, in which

the format of the query is different than that of the information being queried, e.g., a

voice request for certain textual document in a database. In [3], a generative adversarial

network (GAN) is proposed to address this problem by performing semantic correlation on

multi-modal data, specifically image and text data. A GAN is a network composed of two

networks, namely a generator and a discriminator. The generator learns by attempting to

“fool” the discriminator, while the discriminator is optimized to discern between outputs

of the generator. The authors of [3] propose a framework in which the generator takes

both an image and a body of text as inputs and learns their representations. The goal

of the discriminator is to distinguish between the two modalities. The basic framework of

this approach is illustrated in Figure 2.7. After training, the generator will have learned

the representations of the heterogeneous modalities in a common space, in which data with

similar semantics will be close, i.e., the meaning common to both the text and the image is

captured in this space. The proposed method is shown to outperform both traditional and

deep methods with respect to the mean average precision metric.

Another work utilizing a GAN is [81], in which DL is implemented with the goal of
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semantic coding of images. The goal of semantic coding is to minimize the bit rate of

transmission while preserving the semantic information of the image. Again, the semantics

of interest here are unknown, and the goal is to learn them throughout the training process.

Here, the generator network is used to learn and restore semantic information which is used

as a “base layer” of the image. The generator loss function is formed as a rate-perception-

distortion trade-off, including a combination of the VGG loss [94] and LPIPS [95]. Then,

Better Portable Graphics residual coding is used to refine the image. The overall network

explores different strategies to optimize the rate-perception-distortion tradeoff, and is shown

to exhibit similar performance to baselines models while achieving a 2-4× reduced bit rate.

Similar to the work in [66], the authors of [82] look to enhance standard encoder-decoder

NLP techniques (this time without the use of a KG), specifically for the problem of recog-

nizing some text within an image, or scene text recognition. For example, in the case of a

self-driving vehicle, it would be beneficial for the vehicle to be able to recognize the text

located on street signs within the field of vision, as a human driver would. In their model,

termed SEED, semantic information is used in both the encoder module for supervision and

the decoder module for initialization. The semantic information is predicted from the im-

age features which are first extracted with a CNN and RNN. To predict this information,

a simple fully-connected DNN is trained with a dual cross-entropy and cosine embedding

loss function. Then, the image features and the semantic information are both fed to the

decoder to perform text recognition. Using ASTER [96] as an exemplar to demonstrate the

framework, it is shown that the semantic enhancement improves performance of the model.

A CNN along with federated learning is proposed to facilitate audio-based SemCom in

[83]. Federated learning is a branch of DL in which distributed, local models are trained

individually and then combined to form a global model. In [83], federated learning is imple-

mented in a system consisting of a single server and many devices. The devices train local

models based on data, to reduce communication overhead to the server. Each local model

consists of an with a convolutional layer for extracting the semantic information of the au-

dio. Normalized root mean square error is used as a loss function to evaluate the quality of

semantic reconstruction, and experiments show that the proposed architecture can achieve
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around 100× improved performance (with respect to the mean square error) with around

1/3 the transmitted data of traditional methods.

Yet another type of DNN is the transformer, which has seen wide success in the field

of NLP [78]. Transformers rely on the idea of attention, which provides different weights

to different features of the input data, similar to how our brains pay more attention to

certain perceptual inputs. In [84], an adaptive universal transformer is implemented for

text-based SemCom. The optimization goal is “to minimize the semantic errors while facing

different communication situations.” The universal transformer is able to accomplish this

by adding a circulation mechanism which can dynamically allocate greater computation

time to semantically complex statements. Intuitively, this is similar to how a human might

read some text. Passages with a simple meaning are easier to understand and thus can

be read faster, while passages with complex meaning demand more thought (equivalently,

computation time). Cross-entropy is used as the loss function for training the network, and

simulations performed on the standard proceedings of the European Parliament [97] show

an improved performance over traditional methods.

The transformer has also been proposed for SemCom in [85]. In this work, an end-to-end

architecture is proposed which performs communication with semantic symbols, which are

used to represent semantics. The SemCom model is defined, including the encoder, decoder,

channel and noise. The transformer model is then designed for this model, including both

source and channel coding in a joint architecture. This architecture is trained using the cross-

entropy loss, and experiments in a NLP setting demonstrate that the proposed system can

achieve a similar performance to traditional techniques with a 21% decrease in the number

of symbols.

2.5.2 DeepSC and its Variants

One particular DL model for SemCom that has been the subject of various studies was

first proposed in [4], where it was given the name DeepSC. DeepSC is also based on the

transformer DL model, and the model proposed in [84] takes its inspiration from DeepSC.
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Figure 2.8: Architecture of the end-to-end SemCom system DeepSC proposed in [4]. Each
box represents a different section of the network, which are all trained in a joint manner.

Similar to other works, [4] defines the model for the SemCom system, which consists of a

transmitter performing both semantic encoding and channel coding, and a receiver perform-

ing the inverse operations. The architecture of the proposed network is shown in Figure 2.8.

Both transmitter and receiver possess some background knowledge. The goal is stated as

simultaneously minimizing semantic errors (measured with the cross-entropy loss function)

and transmitted symbols. This is accomplished through an end-to-end transformer network,

which uses a self-attention mechanisms for extracting semantic information from text; here,

the meaning is captured by this attention mechanism and which input text is emphasized

by the model. Various metrics are used to demonstrate the superior performance of DeepSC

compared with traditional communication methods.

There have been a few variants inspired by DeepSC, which all aim to facilitate SemCom

within different modalities. One example is [51], where the authors propose a SemCom

system for speech signals, termed DeepSC-S. It is claimed that the end-to-end communication

system “learns and extracts the essential speech information.” This is a very intuitive idea, as

it is clear how non-verbal qualities of speech can impact a conversation (tone, volume, etc.).

Specifically, DeepSC-S employs an attention-based CNN for speech coding and a CNN for

channel coding, and the mean-squared error loss function is used for training. It is confirmed

through simulations that DeepSC-S outperforms traditional systems with equivalent bit rates

under AWGN, Rayleigh and Rician channels.

Another variation of DeepSC is proposed in [52], where the authors consider a multimodal
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communication system and is termed MU-DeepSC. The task-oriented system is implemented

for visual question answering, where the transmitter sends an image and a question about

that image (text) and the receiver aims to correctly answer the question (e.g., is there a

red ball present?). The transmitter consists of two networks; one employs ResNet-101 [98]

and a CNN for semantic image encoding, and the other utilizes Bi-LSTM [99] and a dense

DNN for semantic text encoding. These encodings are transmitted over the channel, where

the receiver then implements a memory, attention, and composition network to generate

the answer. The end-to-end network is trained with the cross-entropy loss, and simulation

results using the CLEVR dataset [100] demonstrate accuracy gains of up to 80% compared

to traditional methods with a 70% reduction in transmitted symbols.

As we’ve seen in the discussion of the semantic sensor web, a prevalent idea is the use

of SemCom in IoT applications. In [50], a “lite” version of DeepSC, named L-DeepSC,

is proposed for use with IoT networks. In L-DeepSC, the SemCom model is trained and

updated in the cloud and distributed to IoT devices. These devices then implement the model

to perform semantically aware data collection and text transmission with low complexity.

The system first uses a least-squares estimator to obtain channel state information, and

then a deep de-noise network to refine the channel state information estimates. The trained

model is then compressed through sparsification and quantization and broadcast to the IoT

devices. The devices then use this model to perform SemCom with text data, uploading

new data to the cloud. It is shown that the proposed system performs competitively with

traditional methods, especially in the low signal-to-noise ratio (SNR) domain. Moreover,

L-DeepSC reduces the model parameters of the original DeepSC network by around 60%,

which translates to reduced communication upon model distribution to IoT devices.

As ML-based SemCom is based on learning the semantics of the problem, explicit seman-

tic metrics are not defined. However, the chosen loss function affects how the semantics are

learned. Table 2.7 provides the loss functions used in each of the discussed DL approaches.
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Table 2.7: Summary of DL-based SemCom loss functions

Loss Function Expression Description

Cross-entropy
[4, 50, 52, 80, 84, 85]

L = −
∑N

n=1 R
∗ log(R) + (1−R∗) log(1−R)

Promotes semantic similarity or
probability values R consistent with

labels R∗

Cross-modal
generative [3]

Lgen = λLadv + Lcls, Ladv =

−
∑N

i=1 [log(1−D(GI(xi))) + logD(GT (yi))],

Lcls = −
∑N

i=1 log
[
C(GI(xi))

T ci + βC(GT (yi))
T ci

]
Aims to promote similar image
embeddings GI(xi) and text

embeddings GT (yi) given semantically
similar inputs xi and yi

Rate-perception-
distortion [81]

LE,G = LG + λ1(E[d(x,G(ŵ, s))] + E[∥G(ŵ, s)−
x∥1]) + λ2(R(ŵ) +R(s) +R(r′))

Simultaneously minimizes the rate,
perception and distortion with
hyperparameters λ1 and λ2

Cross-entropy/cosine
embedding [82]

L = Lrec + λ[1− cos(S, em)]
Combination of traditional

cross-entropy Lrec and cosine
embedding loss

Normalized root mean
squared error [83]

LNRMSE =
∑T

t=1(at−ât)
2∑T

t=1 a2
t

Seeks to minimize the difference
between recovered audio data ât and

actual data at

Mean squared error
[51]

LMSE = 1
W

∑W
w=1(sw − ŝw)2

Seeks to minimize the difference
between recovered speech data ŝw and

actual data sw

2.5.3 Reinforcement Learning Methods

Another popular approach to ML is reinforcement learning (RL) [101]. In RL, the model is

viewed as an agent in a state space. From its current state, the agent can take some action,

for which it is provided a reward. The goal of the agent is to discover the action-taking policy

which will maximize long-term rewards from any given state. Rather than use existing data

to determine this policy, in RL the model is trained by letting the agent “explore” different

policies; the model takes some sequence of actions, and then tunes the parameters based on

the rewards received. A simple illustration of this learning process is given in Figure 2.9.

Due to the agent/reward set up of RL, it is a method which is well-suited for learning to

play different games, such as chess and Go. Indeed, learning models including both RL and

DL have been used to create artificial players which outperform human world champions in

both games [102].

Recently, some have turned to using RL as a means to achieve SemCom. In [86], a RL

solution is proposed to carry out general SemCom. It is argued that the objective functions

of many of the ML-based approaches to SemCom demonstrate a “semantic blindness,” and
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Figure 2.9: Reinforcement learning framework.

are still biased toward bit-level accuracy. The proposed joint source channel coding solution,

termed SemanticRL-JSCC, is formulated using a Markov decision process framework. The

reward function is based on any general semantic similarity function. This method differs

from those DL methods discussed, as the semantics of the problem are defined by the chosen

similarity function, and thus SemanticRL focuses on how to best communicate given some

semantics, rather than learning what those semantics are. A distinct feature of Semanti-

cRL as opposed to other ML approaches is that this similarity function is not necessarily

differentiable. In the training of the model, a self-critic approach [103] is taken, resulting

in a quicker and simpler solution. Experiments carried out over the European parliament

dataset demonstrate superior performance with regard to common metrics, as well as a stable

learning trajectory.

The authors of [87] combine a KG representation of semantic information with RL for

SemCom using text data . First, a KG is extracted from a body of text, and this KG is treated

as the semantic information of that text. Based on this KG representation, two metrics,

namely semantic accuracy and completeness are derived. Combining these two metrics gives

the overall metric of semantic similarity. SemCom is then formed as an optimization problem

which seeks to maximize the semantic similarity of the text at the transmitter and receiver

through resource allocation and information transmission, under a delay constraint. Using

an attention-based RL framework to solve this optimization problem, it is shown that the

proposed SemCom solution outperforms a traditional RL scheme as well as typical wireless

communication techniques.
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Collaborative RL is a form of RL in which multiple agents are present in the system, and

they collaborate to determine the optimum policy. In [88], collaborative deep RL (DRL) is

used to train a group of heterogeneous agents over a wireless cellular network. First, the

algorithm selects the best subset of semantically relevant DRL agents for collaboration. This

semantic relevance between two agents is based on their policies; if a target agent returns

a large average reward under a source agent’s policy, the target is said to be similar to

the source. Here, the semantics are captured by the policies of each of the agents; similar

meaning is implied by a similar policy. Once the similar subset of agents is obtained, the

training loss and wireless bandwidth are jointly minimized to obtain the optimal policies

for each agent. Simulations of the proposed technique show improved training performance

compared to other collaborative DRL methods and classic DRL. It is also shown that the

proposed approach is able to use resources more efficiently, demonstrating better performance

with fewer resource blocks than other approaches.

Looking to implement RL-based SemCom for a specific application, the authors of [89]

propose a DRL framework for air-to-ground ultra-reliable low latency communication using

UAVs. Similar to the work of [88], they propose the use of a multi-agent DRL framework,

coined graph attention exchange network, for SemCom. Self-attention is used to determine

the attention a UAV gives to other UAVs in the network, and based on this attention, training

is performed in a centralized manner. Once the optimal policies have been obtained, the

central unit distributes the model to the UAV’s and actions are carried out in a decentralized

manner. It is shown that the proposed GAXNet achieves more efficient training than the

state-of-the-art centralized training and decentralized execution algorithm QMIX [104], and

is better able to avoid collisions between UAVs.

2.5.4 Summary

ML-based SemCom is an approach that has seen a spike of interest with the recent boom

in AI technology. In ML-based SemCom, the semantics of the problem are not predefined

as in classical and KG-based SemCom, but rather they are learned through data-driven
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training. This learning is performed either through DL or RL. Many different DL models

have been proposed to facilitate SemCom, include the transformer, GAN, CNN, and others.

One notable example is DeepSC, which was originally proposed as a text-based SemCom

system using a transformer-based network. Variants of DeepSC have been proposed in recent

years which target different modes of communication. Though not as prominent, some RL

methods have been proposed to learn semantics as well. One benefit of this approach is the

loss function need not be differentiable. In ML-based SemCom, meaning is characterized by

the parameters of a model which are learned in a data-driven manner.

Many of the discussed works provide quantitative results demonstrating efficient Sem-

Com. The results of [81] show a 2-4× reduction in bit rate, while experiments in [83]

indicate large performance gains over traditional systems for around 1/3 the original bit

rate. [85] demonstrates a 20% reduction in transmitted symbols to achieve a similar per-

formance as baseline systems. DeepSC and its variants also indicate potential for traffic

reduction; DeepSC-S [51] can achieve improved speech performance for similar bit rates, and

MU-DeepSC [52] achieves superior accuracy with a 70% reduction in transmitted symbols.

Finally, L-DeepSC [50] reduces traffic in another way, by drastically reducing the parameters

of a ML model which is to be broadcast to IoT devices. All in all, as in KG-based SemCom,

existing works in ML-based SemCom indicate the potential for this approach to address the

issues raised at the outset.

2.5.5 Challenges and Opportunities

One of the challenges with ML-based approaches to SemCom was pointed out in [86], which

is the difficulty in working with semantic metrics. As most DL techniques use gradient-based

methods for optimization, we must necessarily work with differentiable metrics, while many

semantic similarity metrics are non-differentiable. Another critical challenge is the black-box

nature of many DL models. A challenge within the field of DL as a whole, this quality of deep

networks obscures our ability to analyze and evaluate why a model does or does not perform

well. Finally, the improved performance that DL has enjoyed due to big data is approaching
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a limit, where further gains can only be reached through massive training, which imposes a

huge computational burden [49].

Opportunities can be found in the solutions to these challenges. First, there is cer-

tainly no ubiquitous metric of semantic similarity, and it is likely that many metrics will be

application-specific. Development of such metrics is of critical importance to the advance-

ment of SemCom. As each approach to SemCom we’ve seen thus far (classical, KG-based,

ML-based) employs its own unique metrics, it is likely that a convergence of these ideas and

combination of metrics could yield novel implementations and improved results. Further-

more, development of methods similar to [86] that relax the differentiability requirement of

the semantic metric is a promising avenue for further study.

Regarding the lack of interpretability and ever-growing appetite for data associated with

deep networks, one promising solution is the development of model-based DL techniques [49].

Model-based methods are those that derive some inference rule based on prior knowledge

of the problem, while data-driven methods (including DL) rely solely on data to form the

inference rule. Model-based methods are typically more interpretable and efficient than

data-driven methods, while data-driven methods are more expressive and robust in new

situations. Techniques utilizing the strengths of both methods to create a single model are

referred to as model-based DL [49], and are another promising method of addressing some

of the challenges facing ML today.

2.6 Significance-Based Semantic Communication

One last view on SemCom has been proposed only recently, and involves defining the se-

mantics of information as the significance of this information [5]. Recall “The effectiveness

problem” defined in Chapter 1: “How effectively does the received meaning affect conduct in

the desired way?” Defining the semantics of information as significance of information essen-

tially addresses this problem, as significance is inherently determined by what one is trying

to achieve with communication, or the goal. As a simple example, if the goal of communi-

cation is to control a robot performing remote surgery (a necessarily real-time application),
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Table 2.8: Summary of works in significance-based SemCom.

Age of Info.

Uysal et al. [5] Age of information as a significance-based semantic metric

Uysal et al. [105] Practical evaluation of the age of information metric

Beytur et al. [106] Age of information performance of UDP and TCP protocols

Ayan et al. [107] Comparison of AoI/VoI impact on cellular control system performance

Value of Info.

Uysal et al. [5] Value of information as a significance-based semantic metric

Molin et al. [108] Value-based information management for state estimation

Ayan et al. [107] Comparison of AoI/VoI impact on cellular control system performance

Semantic Sampling

Uysal et al. [5] Semantic sampling as part of a SemCom architecture

Kountouris et al. [30] Semantic sampling as part of a SemCom architecture

Bacinoglu et al. [109] Semantic sampling for tracking of a stochastic process

Dommel et al. [110] Semantic sampling for goal-oriented communication over a shared medium

information that was just obtained will be much more significant than information obtained

10 seconds ago. Based on this general idea, the authors of [5] call for “a redesign of the

entire process of information generation, transmission and usage in unison.” In this section,

we survey the few recent works that support this idea of significance-based SemCom. The

works discussed in this section are summarized in Table 2.8.

In [5], some examples of measures which relate to the significance of information are given.

The first of these is information freshness, which is determined by the time taken since the

information was generated to when it was received. AoI is a measure which captures this idea

of freshness, and has been well-studied over the past decade or so. We will discuss AoI further

in the following subsection as a prime example of a significance-based semantic measure;

the authors of [5] present results indicating energy savings of different age-aware protocols

ranging from 10-64%. Another example of a semantic measure is relevance. Consider a

process that is being sampled; consecutive samples that capture little change in the process

are typically of less interest than those for which sudden changes occur. We could say

that the latter samples are more relevant than the former. As an extension of relevance of

information, a more powerful example is given as the value of information (VoI), which is

defined as the difference between the benefit of a sample and the cost of its transmission.

It is argued in [5] that developing metrics that capture these ideas is critical for achieving

SemCom. Those mentioned here are summarized in Table 2.9.
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Table 2.9: Summary of significance-based semantic measures.

Measure Expression Description

Age of Info. ∆(t) = t− u(t) Characterizes the freshness of information generated at time u(t)

Value of Info. v(x) = b(x)− c(x) Difference between the benefit of a sample and cost of its transmission

Relevance of Info. r(x) = f(xn, xn−1) Quantifies the amount of change in a process since the previous sample

The authors of [5] also present a vision for an end-to-end SemCom architecture. This

architecture takes into considerations the elements of freshness, relevance, and value to

optimize the entire system. A simplified flowchart of the proposed architecture is provided

in Figure 2.10. Specifically, semantic sampling is implemented to relax the assumption that

data arrives in an uncontrolled manner, i.e., only significant information is generated in the

first place. Semantic channel encoding, multiuser scheduling, channel access and flow control

are proposed to increase the efficiency and effectiveness of each of these processes. It is stated

that the realization of this architecture will involve an entirely new paradigm shift that is

incompatible with previous designs of communication systems. A few specific examples are

envisioned, which include SemCom for networked control systems, smart cities, and massive

machine type communications/IoT systems.

The authors of [30] also focus on the idea of significance-based SemCom. They define

semantics of information as “the significance and usefulness of messages.” A similar argument

to that of [5] is given, stating that simple generation and communication of data often leads

to reception of stale or irrelevant information at the receiver and wasted resources. This

again brings about the need for a goal-oriented communication system, one that addresses

the “effectiveness problem.”

A new concept presented in [30] is the idea of defining semantics at different scales. At the

Figure 2.10: Overview of the significance-based semantic architecture proposed in [5].
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microscopic scale, specific pieces of information from the source may be of different signifi-

cance, e.g., that a safety risk is present or not. The mesoscopic scale is the intermediate level,

which takes into consideration link-level semantics. This includes both innate (objective)

measures such as freshness (AoI) and precision, and contextual (subjective) measures such

as timeliness and completeness. Finally, the macroscopic scale takes system-level semantics

into consideration, specifically looking at end-to-end distortions and delays that affect the

end goal.

An end-to-end semantic architecture is proposed, which is strikingly similar to that envi-

sioned in [5], including semantic sampling and semantics-aware signal processing blocks. A

specific example of an end-to-end communication system is given, involving a remote actu-

ation application. The source monitors the actual state of a robotic arm, while the receiver

aims to construct and maintain a digital twin of this robotic arm. Communicating over a

wireless erasure channel, it is shown that an end-to-end semantics approach performs much

better than other, more semantically-unaware approaches in terms of real-time reconstruc-

tion error and cost of actuation error.

2.6.1 Age of Information and Value of Information

Two proposed measures that capture the significance of information are AoI and VoI. In this

subsection, we will discuss some of the work that has been done with regards to these two

measures to illustrate their use as semantic measures.

The authors of [105] provide a compilation of some recent works examining AoI in prac-

tical scenarios and looks at issues such as synchronization, transport layer protocols, con-

gestion, and the use of ML. First, the status age of an information flow (characterized as a

flow of data packets) is defined as the difference between the current time and the generation

time of the most recently received data packet, which is illustrated in Figure 2.11. Other

derivative metrics are defined as well, such as average AoI and peak AoI. Depending on the

application at hand, one may desire to minimize either the average or peak AoI to best

maximize information freshness.
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Figure 2.11: Example of AoI, where t
(g)
n and t

(r)
n are the generation and reception time of the

nth packet, respectfully.

Next, the authors of [105] discuss the measurement of AoI in practical systems. It is

noted that first and foremost, accurate timing information is required for age measurement.

Second, synchronization is required at the transmitter and receiver. Once these have been

established, AoI can be computed at the transmitter, receiver, or centrally and used for

network optimization. It is also shown how timing imperfections, such as clock bias, can

affect AoI measurement.

The authors then look at a specific work which examines the AoI performance of some

modern transport layer protocols. In [106], the AoI performance of User Datagram Protocol

and Transmission Control Protocol are examined for different testbed setups. It is shown

that User Datagram Protocol is able to maintain a lower average AoI at higher data rates

than Transmission Control Protocol for a multi-hop network testbed. Both protocols tend to

perform relatively well up to a certain rate, above which the system becomes “panicked” and

AoI performance becomes poor. In contrast, evaluated with respect to an IoT testbed, the

opposite holds true, and Transmission Control Protocol is shown to achieve a slightly better

AoI performance. Overall, [105] provides a useful summary of how AoI can be practically

integrated to evaluate communication systems.

As an example application of VoI, the authors of [108] propose a value-based method

of information management of a networked system for state estimation. Essentially, this

system will allocate a time slot to the estimator with the highest-priority information, where
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priority is determined by the VoI. The VoI of each estimator is computed as a function of

the expected overall weighted squared error, given the current data at that local estimator.

Therefore, by choosing the data which minimizes this error, the system is essentially choosing

the information with the highest value to the task at hand. To illustrate the performance

of the proposed system, an automated driving scenario with multiple vehicles is simulated.

It is shown that the VoI-based scheme is able to avoid collisions with very high probability,

while a simple time-triggered scheduling approach resulted in a collision in 19.7% of the

experiments.

Another article directly compares the impact of AoI and VoI on the performance of a

cellular networked control system [107]. Here, VoI is defined as quantifying the amount of

reduction in uncertainty of a stochastic process at the recipient. It is interesting to note the

similarity between this definition and that of Shannon’s definition of entropy [6], which also

quantifies uncertainty reduction. Here, VoI is concerned with the content of a new update,

while AoI focuses only on the timeliness of this update. The AoI is defined in the usual

fashion, while a VoI metric is proposed for both uplink and downlink transmissions, and

in both cases is a function of the expected squared-error. Simulations demonstrate that

a system implementing a VoI-based scheduler is able to achieve a lower absolute error as

opposed to a system with an AoI-based schedule for the cellular networked control system.

2.6.2 Semantic Sampling

Another important aspect of a significance-based SemCom system, as proposed by the au-

thors of both [5] and [30] is the notion of semantic sampling. Basically, the aim of semantic

sampling is to generate information at the source in a “smart” way, such that only necessary

information is generated and transmitted over the system. As a general example of this, the

authors of [109] consider the problem of tracking an unstable stochastic process by using

causal information of another stochastic process. Essentially, by using some information

related to the process of interest, we can determine when to take “significant” samples that

allow for accurate tracking, thereby implementing semantic sampling. This work can be
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seen as contributing to a theory of semantic sampling as discussed in [5]. In [109], necessary

conditions are provided for tracking integer-valued sources using causal information. These

results are expressed in terms of the Rényi entropy and information density; essentially, the

information density between the two processes must be greater than a threshold that is set by

the Rényi entropy of the process being tracked. Furthermore, the authors of [109] also pro-

vide sufficient conditions for tracking integer-valued sources using causal information. The

first of these is based on the maximum a posteriori estimator of the source information based

on the causal information, and the second is based on a different estimator which considers

a notion of distance. With regards to semantic sampling, the results of [109] imply that one

could perhaps only sample and transmit the causal information over the channel instead of

the source information itself. If the causal information results in fewer transmitted symbols,

this would theoretically increase the efficiency of our system while preserving reconstruction

fidelity at the receiver.

Looking at a more practical implementation of semantic sampling, the authors of [110]

address the problem of semantics-aware active sampling and transmission over a shared

communication medium. The goal of the system is to use joint sampling and transmission

to compute the probability of a quantity of interest at the receiver. In this work, semantics-

aware communication refers to a system in which the receiver aims to recover the aggregated

information of interest, rather than the individual messages. For example, perhaps the

average measurement from a number of sensors is of interest; in this case, meaning is captured

by the aggregated value rather than the individual data. An active sampling scheme is

adopted, such that each device takes samples according to a Bernoulli distribution, where the

parameter of this distribution can vary between devices. To obtain the empirical probability

of the quantity of interest, each device transmits over a time slot, and the receiver averages

over the time slots. The estimation technique is shown to perform well with respect to both

mean squared-error and Kullback-Leibler Divergence metrics.
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2.6.3 Summary

One final approach to SemCom is significance-based communication, which addresses both

the semantic and the effectiveness problems of communication. This recent approach makes

use of metrics which quantify the significance of information, such as freshness, value, rel-

evance, and others. Two prime examples of metrics corresponding to significance-based

SemCom are AoI and VoI. AoI is a popular metric which has been well-studied compared to

VoI, and some work has been done comparing the two measures. Furthermore, a key idea

of this approach is semantic sampling, which has received some attention as well. Overall,

significance-based SemCom looks to solve the semantic problem by first solving the effective-

ness problem, and assigning meaning to information based on what impact that information

will have at the receiver.

As the most recent of the discussed methods, quantitative results demonstrating the

potential of significance-based SemCom for data traffic reduction are few. In [5], results are

presented demonstrating energy savings, resulting in decreased transmission, of 10-64% for

different age-aware protocols. While there are not many quantitative results in this area,

the potential is clear. Significance-based communications center around the reduction of

insignificant information, and thereby inherently work to reduce traffic in a communication

system.

2.6.4 Challenges and Opportunities

One clear challenge faced by significance-based SemCom, similar to other methods of Sem-

Com, is the development of applicable metrics. AoI and VoI are two examples which have

been the focus of prior work, however we anticipate that other useful metrics will be proposed

as this approach to SemCom is being developed in the literature. The quest for appropriate

metrics presents a rich opportunity for future research. Clearly these measures are highly

application-specific, and thus the utility of one measure may vary greatly from one scenario

to another.

Another challenge relates to the general progression to such a SemCom system. As stated
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in [5], this approach entails a radical departure from the ways in which current communi-

cation systems operate. However, to be a viable path forward for modern communication

systems, a certain level of backward-compatibility must be present, such that the vast ex-

isting wireless infrastructure need not be replaced from scratch. Methods which involve

some degree of compatibility with legacy systems will be important for the progression to

SemCom.

Many opportunities lie in the development of significance-based SemCom systems. With

the advancement of IoT and cyber-physical systems, wireless communication is increasingly

being used for highly specific goal-oriented tasks. Designing systems which communicate

as efficiently as possible under the constraints imposed by the specific task at hand will

be important for optimizing the efficiency of wireless technologies, as well as improving

performance of these technologies.

2.7 Chapter Summary

There are four primary existing approaches to SemCom. Classical semantic information-

based approaches attempt to extend the ideas of information theory to capture the semantics

of information, and are based on ideas of logical probabilities and truthlikeness. Two promi-

nent theories are TWSI and TSSI, and truthlikeness-based approaches extend these theories.

The key idea of this approach is to follow the path of classical information theory by first

quantifying semantic information, and developing results based on this quantification.

KG-based SemCom focuses on the aspect of a knowledge base at a semantic source and re-

ceiver, using a KG to model such knowledge bases. This approach follows from the extensive

work revolving around the semantic web. By representing knowledge in a graph structure,

semantic similarity measures can be devised and forms of reasoning can be performed. This

form of structure and working with knowledge is the key driver of this approach.

ML-based SemCom uses modern learning techniques to carry out SemCom in a data-

driven manner. This includes DL methods, which learn semantics through neural network

structures, and RL techniques, which learn semantics with an action-reward framework.
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Unlike the classic and KG-based approaches, this approach assumes no formal structure of

the semantics to be learned, and puts the burden of learning these semantics on the model

itself. Consequently, meaning is captured by the tuned model parameters that are found as

a result of data-driven training.

Finally, significance-based SemCom takes a goal-oriented approach and look to commu-

nicate in a way that best achieves the goal. Significance is quantified by metrics pertaining

to different qualities of information, such as freshness and value. Semantic sampling is also

a critical point of this approach, which seeks to generate only information that is pertinent

to the task at hand. By addressing the effectiveness problem of communication, this ap-

proach circumvents the semantic problem and inherently assumes that the semantics will be

addressed within the effectiveness solution.

Regarding the problem of data traffic reduction, various works in KG-based and ML-

based SemCom have demonstrated quantitative results illustrating the potential to address

this growing issue for diverse applications and use-cases, from simple text-based speech

to network operations recommendation systems. For the classical and significance-based

approaches, these results are fewer. One conclusion that can be drawn upon examination

of these various results, is the need for standard evaluation procedures across the different

approaches. If efficient communication is to be one of the main goals of SemCom, standard

metrics capturing this idea should be chosen as the field develops to facilitate the comparison

between competing methods.

For each approach, we provide some challenges and opportunities that could inspire

future work in the field. For the classical approach, a clear opportunity lies in the further

development of a theory of semantic information. The KG-based approach includes many

existing methods which can be extended; particularly, scalability and learning methods are

two areas which require further improvements. A major drawback of the ML-based approach

is a lack of interpretability, and model-based DL and neurosymbolic AI are two potential

solutions to this issue. The significance-based approach is the most recent of the four, and

thus provides many exciting opportunities for future work, particularly in the development

and study of significance-oriented metrics. The most important challenge to the success of
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SemCom is the ability to define and work with “meaning.”
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Chapter 3

Semantic Communication with

Conceptual Spaces: Part I

From the example in Section 1.1, we see that SemCom holds the potential to improve effi-

ciency over traditional technically-focused systems. Furthermore, focusing on the technical

level may bring with it inefficiency stemming from the fact that a syntactic error does not

necessarily induce a semantic error. For example, suppose the sender transmits the sentence

“All communication is semantic,” but the receiver is presented with “All comnunication is

semantic.” Erroneous transmissions are often addressed by re-transmission schemes or error-

correcting codes, requiring additional valuable resources. However, viewed from the semantic

level, this is a minor error and most likely will preserve the semantic information intended by

the transmitter. We observe that semantic-oriented communication may be more robust to

errors and, in turn, more efficient than traditional systems. Then the question is this: how

can we engineer semantics in a communication system? In Chapter 2, we survey various

previous attempts to answer this question in detail, and discuss their respective challenges.

Looming over this issue is an even more fundamental question: how should we define seman-

tics? For this question, we adopt the CS theory of semantics proposed by Peter Gärdenfors

[31, 32]. This geometric representation of meaning can provide the foundation for efficient

SemCom systems. To address the former question, we propose a system with a semantic en-
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coder/decoder based on this theory, termed semantic communication with conceptual spaces

(SCCS). Moreover, we propose the use of functional compression to optimize the semantic

system, in which data from one or more sources is compressed such that a function of this

data can be accurately computed [111]. We show that encoding data to preserve semantic

information can be viewed as a particular example of functional compression.

3.1 Related Work

There has been a recent surge of interest in SemCom, sparked by the success of modern AI.

One of the most prominent approaches is termed DeepSC, which uses DL to “learn” the

semantics of text communication [4]. Another idea regards semantics as the significance of

information [5], where the meaning of information is captured by metrics like AoI and VoI.

We provide a detailed survey of literature related to SemCom in Chapter 2.

Functional compression is a generalization of the well-known source coding problem [8].

In [111], Doshi et al. extend this work to general functions of two discrete, finite sources.

The problem is represented as a graph coloring problem, with feasibility conditions and

optimality bounds derived. While this can be solved exactly for some nice functions, this

problem is NP-hard in general.

Since Gärdenfors’ proposal of CSs in 2000, there have been some works that attempt

to extend fundamentals of the proposed theory. Rickard, Aisbett, and Gibbon propose the

addition of fuzzy logic to the theory and formalize many of the abstract concepts in [112], and

extend this work to type-2 fuzzy spaces in [113]. In addition, some have used CSs to facilitate

a diverse set of applications, from robot learning [114] to space event characterization [115].

3.1.1 Chapter Contributions

In this chapter, we show how the theory of CSs can be deployed to develop a SemCom

system and demonstrate the benefits of such a system. The main contributions of this

chapter include:
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Figure 3.1: Color domain. Dashed lines indicate the three dimensions.

• A novel approach to designing SemCom systems based on CS semantics, termed SCCS.

• The introduction of a formal approach to the study of such systems using functional

compression techniques.

• Confirmation of the intuitive benefits of SemCom through simulation of image trans-

mission, demonstrating faithful transmission of meaning with 99.79% reduction in rate.

3.2 The Geometry of Meaning

In this section, we attempt to answer the latter of the two questions posed in the introduction

to this chapter: how should we define semantics? The theory of semantics based on CSs,

aptly referred to as the “geometry of meaning” by Gärdenfors, provides a convenient solution.

Proposed as a cognitive model of the way humans conceptualize ideas, CSs offer a geometric

view of concepts.

Summarizing the key components introduced in [31] and [32], a CS is essentially the

knowledge base of an agent. A CS can be characterized as a collection of domains ; each

domain is then made up of integral quality dimensions that define the geometry of the

domain. Based on these definitions, a property is defined as a convex region of a single

domain, and a concept is defined as a collection of regions across domains within the CS.

To illustrate, consider the example of the color domain. Studies indicate that humans

perceive three dimensions regarding color: hue, saturation, and brightness [31]. In the

71



theory of CSs, these dimensions are regarded as integral, because all three must be present

to describe a color, and thus they make up a domain. These dimensions form the color

spindle shown in Figure 3.1. An example property could be red, which corresponds to the

convex region of the spindle with a red hue value. Another property is dark, which describes

colors in the bottom half of the spindle. Now add a second domain to the space, e.g. the

shape domain. In this domain, we have a convex region corresponding to cube. Then the

red region of the color domain with the cube region of the shape domain define the concept

of a red cube.

The major implication of this theory for SemCom is the formalization of meaning as a

geometric concept. With this formalization, semantic similarity becomes a simple distance

measure (provided a metric exists on the domains), and semantic error can be easily quan-

tified. Indeed, this framework elegantly captures the idea that a syntactic error does not

always induce a semantic error. When communicating an idea (a point in the CS), perhaps a

syntactic error moves the idea to a different point in the space; as long as the point remains

within the regions defined by the concept, a semantic error will not occur. For example,

perhaps a communication error causes the transmitted color of a red cube to switch to a

different shade of red. It makes no difference, as the intended meaning is preserved.

3.3 Enabling Semantic Communication

With our definition of semantics in place, we now turn to the first question posed in the

introduction to the chapter: how can we engineer SemCom?

3.3.1 The General Model

The block diagram of our proposed approach is given in Figure 3.2. Formally, suppose there

is some concept to be communicated, denoted by z. The system begins with some data x

describing z, which is first passed through the semantic encoder ; this is represented by some

functional mapping p = e(x). The function e can be thought of as an embedding function,
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Figure 3.2: General SCCS framework, where the knowledge base represents a CS model.

which maps the description to some point p in the CS, where p is a vector of coordinates.

This mapping can by either analytically derived or learned with a neural network. The

coordinates p are then used as the input to the traditional encoder, which performs functions

such as quantization, source coding, etc. and outputs a string of bits b; in functional terms,

we have b = g(p). These bits are then modulated (in the case of wireless communication)

and sent over the channel. The semantic source can then be thought of as a composition of

functions,

b = g(e(x)). (3.1)

The receiver begins with an input of bits b̂ which are potentially distorted by the com-

munication channel, i.e., b̂ = h(b). These bits serve as the input to the traditional decoder,

which performs standard functions such as source and channel decoding. Denote these func-

tions by f , so that we have p̂ = f(b̂), where p̂ represents the (possibly distorted) coordinates

of the CS. Finally, let d denote the function de-mapping the CS representation to the concept

it represents. Then the semantic receiver can be written as

ẑ = d(f(b̂)), (3.2)
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and the end-to-end semantic system is written as

ẑ = d(f(h(g(e(x))))) = ψ(x). (3.3)

If b̂ ̸= b, we say a syntactic error has occurred. If ẑ ̸= z, then we call this a semantic

error. Note that b̂ = b (perfect syntactic communication) yields the minimum probability

of semantic error. Conversely b̂ ̸= b does not necessarily imply a semantic error, matching

our intuition of a SemCom system. Therefore, with the goal of accurate SemCom, it may be

possible to relax the requirements of the technical system while meeting the requirements of

the semantic system. First observe that g, h, and f account for the technical accuracy, which

in turn will impact the semantic accuracy to some degree. Moreover, the semantic accuracy

also depends on the ability of e to extract semantic representations from the initial data, and

on the ability of d to recover concepts from potentially distorted semantic representations.

The benefit of using CS representations is in the ability to simply quantify this semantic

distortion as a distance in the CS; let this distance be denoted by δ(pi,pj). If we consider

p∗ as the central point, or prototype, of the true concept (recall a concept is composed of

convex regions), then we can characterize the semantic distortion incurred throughout the

overall system as

δ(p∗, p̂) = ∆(δ(p∗,p), δ(p, p̂)), (3.4)

where ∆ is a general function of the distortions resulting from semantic encoder and syntactic

error. If we further assume δ to be a metric satisfying the triangle inequality, we can write

δ(p∗, p̂) ≤ δ(p∗,p) + δ(p, p̂). (3.5)

Thus, by bounding the two right-hand terms in (3.5), we can effectively bound the overall

semantic distortion and ensure reliable SemCom. Moreover, if the semantic encoder is known

to have low distortion, we can relax constraints on the technical system while maintaining

an acceptable level of overall semantic distortion, and vice versa.

Communication as presented above can be thought of in two ways. The first is general
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SemCom, which requires a broad knowledge base. An example would be human-to-human

voice communication; the semantic encoder would need to be familiar with a wide array of

concepts and their corresponding representations in speech. In contrast, a simpler application

is task-based SemCom, which deals with a small set of concepts and requires a relatively

narrow knowledge base. For example, suppose we want to implement a color classifier using

data from wireless color sensors. The sensors observe data corresponding to some unknown

color (i.e., the concept). This data propagates through the system as in (3.3), and a decision is

made regarding the present color. This offers two benefits. The first is, again, that a syntactic

error does not necessarily induce a semantic error. The second is that the CS representation

may be more efficient for the task at hand. In the color example, if we only desire a decision

on the color, then all that needs to be transmitted is the hue coordinate, rather than the

full red-green-blue (RGB) triplet. We recognize the fact that general SemCom may require

a complex CS, and obtaining such a model is a research challenge. We believe that SCCS

will have the largest initial impact in task-specific, goal-oriented scenarios, where the domain

knowledge is relatively simple to model.

3.3.2 Toward Functional Compression

As with traditional communication, we would like to optimize SemCom to be as efficient as

possible through data compression. The objective of traditional source coding is to compress

data for exact reconstruction:

min
g,f

E[ℓ] s.t. ℓ = length(g(x)) and f(g(x)) = x, (3.6)

where length(g(x)) counts the number of (typically binary) symbols used to encode x, and

E[·] denotes expectation. Functional compression seeks to compress data with respect to a

function:

min
g,f

E[ℓ] s.t. ℓ = length(g(x)) and f(g(x)) = φ(x). (3.7)

In particular, this can be done by identifying equivalence classes of the target function φ
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to eliminate redundancies in the encoded data. An equivalence class is a subset of the input

space for which φ remains constant; or, from the point of view of the receiver, a set of inputs

which are indistinguishable. For example, suppose φ(x) = x mod 2 for x drawn uniformly

from {0, 1, 2, 3}. Traditionally, 2 bits are needed to represent each value, but by identifying

the equivalence classes {0, 2} and {1, 3}, this can be reduced to 1 bit.

As mentioned above, this problem is NP-hard in general. Here, we propose approaching

the problem by first taking a step back. Rather than considering general functions, we

consider high-level tasks and then model these tasks using CSs. This corresponds to task-

based communication as in the previous subsection, with target function z = φ(x). For the

SemCom system, we can define the following functional compression problem:

min
e,g,f,d

E[ℓ] s.t. ℓ = length(b) and ψ(x) = z. (3.8)

In particular, by assuming a minimum-distance decoder d on the underlying CS, (3.8) can

be equivalently written as

min
e,g,f

E[ℓ] s.t. ℓ = length(b) and δ(p∗, p̂) ≤ τ, (3.9)

where τ is some distortion threshold. Constructing the target function with CSs allows us

to implicitly include equivalence relations based on the concepts within the space, for which

efficient semantic encodings can be obtained.

3.4 Experimental Results

We examine SemCom of images using the German Traffic Sign Recognition Benchmark

dataset [116], inspired by an autonomous driving application. For our tests, we define a

CS with two domains, namely the color domain (Figure 3.1) and the domain of regular

polygons. For the polygon domain, we consider a single dimension quantified by the ratio

r of the maximum distance from the center of a shape to its boundary to the minimum of
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such distance. For a triangle r = 2 and for a circle r = 1. Concepts considered in this

experiment are: yellow square, red triangle, red octagon, red circle, and blue circle. The

prototype values for these concepts are shown below in Table 3.1.

Table 3.1: Experimental concepts and prototype values for traffic sign data.

Concept Shape Ratio Hue Saturation Brightness
Yellow Square 1.4142 0.1667 1 0.9714
Red Triangle 2 0 1 0.5323
Red Octagon 1.0824 0 1 0.5323
Red Circle 1 0 1 0.5323
Blue Circle 1 0.6667 1 0.3230

We wish to compare the proposed system to a more traditional system. For the SCCS

system, we train a CNN with three convolutional layers and two fully connected layers for a

total of 1,692 parameters to learn the semantic encoder function e from the image space to

the CS. As such, the prototype values of each concept are used as the training labels. Since

hue is a circular dimension, a custom loss function is required to capture distance within the

space. Denoting the coordinates of the space as p = (r h s b)⊺, the loss function of the CNN

is defined as

δ(p, p̂) =
1

4

(
(r − r̂)2 + (s− ŝ)2 + (b− b̂)2 + γ(h, ĥ)2

)
, (3.10)

where

γ(h, ĥ) = −1

ρ
ln

(
1

2
e−ρ|h−ĥ| +

1

2
e−ρ(1−|h−ĥ|)

)
is an approximation of the circular distance given by min(|h−ĥ|, |1−(h−ĥ)|) with parameter

ρ > 0. The output of the semantic encoder is then quantized to nb bits/value to form a 4nb-

bit packet, which is modulated using binary phase-shift keying (BPSK) and transmitted

over a Rayleigh fading channel. At the receiver, BPSK demodulation is performed and a

minimum-distance decoder is used to recover the concept.

We also simulate a traditional system which transmits the entire 25x25-pixel image over

the channel. Each pixel is represented as three nb-bit values, which undergo identical mod-

ulation and channel effects as above. At the receiver, a CNN with identical structure to

that of the semantic system classifies the concept from the recovered image. This network is
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Figure 3.3: Simulation results for the SCCS system. Comparison of semantic and syntactic
probabilities of error (left) and average end-to-end semantic. distortion δ(p∗, p̂) (right).

trained using the classic cross-entropy loss function, using one-hot encoded vectors as labels.

First, we demonstrate that a syntactic error does not necessarily induce a semantic error.

We define a semantic error as an incorrectly recovered concept (ẑ ̸= z), whereas a syntactic

error occurs when the transmitted packet contains one or more bit errors (b̂ ̸= b). Figure 3.3

(left) shows the performance for the semantic system with nb = 8 when the SNR is varied. It

is observed that the system is able to perform well semantically despite significant syntactic

errors; for example, at 15dB, approximately 40% of transmitted packets contain errors,

but the meaning is still accurately conveyed 90% of the time. As the channel conditions

improve, the performance becomes limited at an SNR of approximately 20dB due to the

nonzero semantic distortion floor illustrated in Figure 3.3 (right). By improving the semantic

encoder, the high-SNR performance of the overall system will improve accordingly.

Next we compare the performance of the two systems as a function of the communication

rate; these results are given in Table 3.2. Here, the rate of the semantic system is 4nb

bits/transmission, while the rate of the traditional system is (25×25×3)nb bits/transmission,

and nb is varied to obtain different rate values. Thus, the semantic system achieves a rate

reduction of 99.79% over the traditional system. Furthermore, we observe that the semantic

system is able to make better use of fewer bits, as the meaning conveyed is significantly more

accurate at lower values of nb than for the traditional system. Conversely, as the number

of quantization bits increases, the traditional system is shown to outperform the semantic

system at the cost of dramatically greater communication rate.
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Table 3.2: Rate (bits/transmission) and semantic error probability (SNR = 15dB).

Semantic System Traditional System
nb Rate P (ẑ ̸= z) Rate P (ẑ ̸= z) Rate Reduction
2 8 17.1% 3750 70.9%

99.79%5 20 10.7% 9375 50.5%
8 32 10.9% 15000 4.4%

3.5 Chapter Summary

In this chapter, we introduced a novel approach to SemCom through the use of CS theory.

We described the problem of SemCom, using a simple example to illustrate some of the

potential benefits. We then formed our definition of semantics utilizing the theory of CSs,

which provides a geometric representation of meaning. We described the model of a SemCom

system under this theory, termed SCCS, and proposed functional compression as a method of

obtaining optimal encoding schemes for the semantic system. Through simulation of image

transmission, we provided quantitative results illustrating the ability of the SCCS system to

faithfully convey meaning with a massive reduction in communication rate.
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Chapter 4

Semantic Communication with

Conceptual Spaces: Part II

In the previous chapter, we presented the SCCS system for SemCom, utilizing the theory

of CSs for representing meaning. The results obtained from simple preliminary experiments

demonstrated the potential of SCCS for robust SemCom with massive reductions in the

technical communication rate. Motivated by these results, in this chapter we take a deeper

dive into the specifics of the proposed SCCS framework. We rigorously define components

of the system in greater detail, introduce for the first time various theoretical and practical

aspects of our approach, and further demonstrate its potential through the use of extensive

simulations of a more realistic application scenario than that of Chapter 3. Additionally, we

make the case for the CS model of meaning as an ideal candidate for a knowledge-driven

foundation for higher-level reasoning-driven systems.

4.1 Related Work

Similar to the SCCS approach, the notion of a CS was also recently utilized in [117] as

a component of the authors’ proposed SemCom framework. However, their treatment is

limited to a space with only traditional Euclidean dimensions, while our model allows for
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more general dimensions that may better match human knowledge [31]. Moreover, the focus

of [117] is not on the model itself, but rather the development of a reasoning mechanism given

such a model. In this chapter, we take a deeper look into the CSs framework in relation to

SemCom and retain the requirement that the dimensions of such a space should model some

human-interpretable qualities, as initially defined in [31]. This is in stark contrast to the

common approach of training DNNs in an end-to-end fashion [4], in which the encoder maps

data to some vector space with uninterpretable features. The framework of CSs presented

here models semantic information directly such that the semantics of the raw data can be

quantified and interpreted, unlike most of the approaches in the current literature.

4.2 Chapter Contributions

In this chapter, we aim to formalize key theoretical aspects of the SCCS framework in or-

der to further demonstrate its potential for future SemCom systems. We further provide

insight on how our approach can lay the groundwork for higher-level reasoning-based sys-

tems, such as the one proposed in [118]. We provide thorough simulation results from a

metaverse-inspired problem setup to confirm the theoretical developments and demonstrate

the potential technical benefit of our approach regarding syntactic efficiency and semantic

performance for future wireless applications. The main contributions of this chapter can be

summarized as:

• We uncover key theoretical aspects of the SCCS framework. Specifically, we provide

formal definitions of the various elements (domain, property, etc.) and examine the

central concept of semantic distortion and semantic error under these definitions.

• We further analyze this notion of semantic distortion, and derive bounds on the proba-

bility of semantic error under our proposed framework. The derived bounds are simple

to obtain under reasonable assumptions and are based on the level of semantic dis-

tortion introduced at the semantic encoder and the channel, and can thus be used to

inform robust system design.
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• We show how the CS model of semantics can serve as a foundation of knowledge

for building future reasoning-driven SemCom systems such as that proposed in [118].

Specifically, we show how the notion of a semantic language [118] naturally arises from

a CS and how contextual information can be easily incorporated into the CS model.

• We conduct extensive simulations of the proposed approach on a metaverse-inspired

problem. We examine the problem of virtual reality exposure therapy (VRET) [119]

and simulate a SCCS system designed around this problem.

– We simulate a system with a theoretical semantic encoder able to attain an arbi-

trary level of performance. We show that the end-end performance is inevitably

limited by the quality of the semantic encoder, and that the proposed system

can be semantically robust under a fading channel model. Specifically, comparing

performance under Rician fading to that of the AWGN channel, we find that in

many cases an increase of only 2-3dB in SNR is needed under the fading channel

model to achieve similar semantic performance to that of the AWGN model.

– A practical SemCom system is simulated, training a CNN as the semantic en-

coder. We show that the proposed approach can reduce the communication rate

by over 99.9% as compared to a more traditional system, while achieving sim-

ilar semantic performance at extreme SNR values. Additionally, the proposed

technique exhibits significant performance gains in the mid-high SNR regions as

compared to an alternative SemCom technique, decreasing the probability of se-

mantic error by around 0.25. Finally, we show that even greater gains can be

achieved by fine-tuning the semantic encoder to the specific task at hand.

4.3 Foundations

In this section, we provide a detailed background on the theory of CSs and formally define the

key elements used in our SCCS approach to SemCom. We then present the SCCS framework

first discussed in Chapter 3 in greater detail.
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Conceptual
Space

squirrel parkin

Figure 4.1: Visualization of the different levels of cognitive representation: associationism
(top), conceptual (middle), and symbolic (bottom).

4.3.1 A Geometric View of Semantics

In [31] Peter Gärdenfors describes his theory of CSs, which is proposed as a cognitive model

for how ideas and thoughts take shape in the human mind. There, Gärdenfors defines three

levels of cognitive representations. The associationism level models cognitive representations

as associations between different elements. He names connectionism as a special case, where

these associations are modeled by artificial neuron networks. In contrast, the symbolic level

uses discrete symbols as the primary cognitive representation and treats cognition as symbol

manipulation. These two representations can be seen in the approaches to SemCom described

in Chapter 2.

Gärdenfors proposes a third level of representation, termed the conceptual level, which

acts as a bridge between these two. This kind of representation is “based on geometrical

structures, rather than symbols or connections among neurons” [31, p. 2]. Rather than

oppose each other, these different levels come together to form human thought. This idea

is aligned with the recent interest in neurosymbolic AI [56], and is shown in Figure 4.1.

The elements of the conceptual level of representation are originally described somewhat

qualitatively [31], so we will now provide formal definitions for each of them.

The basic building block of a CS is a quality dimension,which is used to quantify some

“quality” of an object or idea in some domain. We formalize this notion as a set.

Definition 1. (Quality Dimension) A quality dimension is a set of scalar values quantifying
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some quality of an idea or object. A key point here is that these dimensions should be

interpretable; typical ML-generated features in many popular approaches to SemCom do

not fit this criterion. We denote a quality dimension by Q, where specific values along a

quality dimension are denoted by q, such that q ∈ Q.

Quality dimensions are organized into domains. Quality dimensions that share a domain

are said to be integral ; Gärdenfors describes integral quality dimensions as being those such

that “one cannot assign an object a value on one dimension without giving it a value on

the other.” [32, p. 22]. Basically, domains collect related qualities and combine them to

form a geometric space. Thus, we can use quality dimensions to build a set representing the

domain.

Definition 2. (Domain) A domain D is a set that is constructed from the Cartesian product

of integral quality dimensions, i.e., D =×K

k=1
Qk. A point within a domain is specified by a

column vector of quality values d = (q1 q2 · · · qK)⊺.

We use ⊺ to denote the transpose operator. With a slight abuse of terminology, we refer

to K as the dimensionality of domain D. Furthermore, we can think of ideas and objects as

having properties. These properties can be thought of as grouping similar objects and ideas

together, and are defined with respect to a single domain.

Definition 3. (Property) A property P of a single domain D is defined as a convex subset

of that domain, i.e., P ⊂ D where, for λ ∈ [0, 1] and any p1,p2 ∈ P , λp1 + (1− λ)p2 ∈ P .

The intuition underlying the convexity requirement is straightforward; if two objects

possess a property, objects that are conceptually “in between” these two objects should also

possess the same property. Allowing for multiple domains gives rise to a CS, which allows

us to represent the meaning of ideas and objects in a structured manner.

Definition 4. (Conceptual Space) A conceptual space Z is a set which is formed from

the Cartesian product of M ≥ 1 domains, i.e. Z =×M

m=1
Dm. An idea or object is

uniquely specified within the CS by providing complete coordinates within every domain,

i.e., z =

(
d⊺
1 d⊺

2 · · · d⊺
M

)⊺

.
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Finally, we need to define a structure corresponding to the notion of a concept. Gärdenfors

describes a concept as a collection of regions across domains throughout the CS, as well as

“correlations between the regions from different domains” [32, p. 24]. We will not consider

the correlations between concepts in this work, and instead focus solely the regions. Including

the correlations between these regions is an interesting direction for future work.

Definition 5. (Concept) A concept C is a region within the CS spanning one or more

domains. If contained within a single domain, we have C ⊂ D, and if the concept spans

across N domains, we have C ⊂×N

n=1
Dn.

A particular example of a concept is the Cartesian product of N properties, C =×N

n=1
Pn.

We now present a simple example to clarify these definitions.

Example 1. (Colors and shapes) Consider the domain of colors. Studies indicate that

humans perceive three dimensions regarding color: hue (Q1) , saturation (Q2), and brightness

(Q3) [31]. These are integral quality dimensions for colors; a color cannot have a hue without

also assigning it a saturation value. Thus, these dimensions form a domain, which was

shown in Figure 3.1 of Chapter 3. Note that the hue dimension is circular; this will have

certain implications when defining semantic distortion. Also, the dependence between the

brightness and saturation dimensions that determines the spindle-like shape requires an

additional condition beyond the simple Cartesian product, which would otherwise result in

a cylinder. Such extra conditions can easily be incorporated into the prior definitions to

extend the model.

Given the domain shown in Figure 3.1, an example property might be light red. This

property P1 is the convex region in the top-half of the spindle with hue values in the range

corresponding to red. Now consider the domain of regular polygons, having one discrete

dimension quantifying the number of sides of the polygon, i.e., D = Q4, where q4 = 3

corresponds to triangles, q4 = 4 corresponds to squares, and so on. Furthermore, define the

singleton set {4} as the square property P2. Then we can consider the Cartesian product of

these two domains as the color-regular polygon CS, and the Cartesian product of P1 and P2

as the concept of a light red square.
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Example 1 shows how a simple CS model can be designed to represent meaning. In the

next subsection, we provide the details of our general framework for SemCom utilizing CSs.

As we will see, this model allows for interpretable and efficient representation of knowledge

is a SemCom system.

4.3.2 Toward Semantic Communication

Recall Figure 3.2 from Chapter 3, which provides the general block diagram of a framework

for knowledge-driven SemCom. The proposed framework builds on existing communication

paradigms with the addition of a semantic encoder and a semantic decoder. First, the seman-

tic encoder leverages its knowledge base K to map some source data x to a representation

of its meaning s, which we denote generally as vectors. Formally, we represent the semantic

encoder as a mapping eK : RN → S such that

eK(x) = s, (4.1)

where the input x has N dimensions and S denotes the semantic representation space.

We assume the existence of some CS Z capturing the meaning of the input data x ∈ RN .

Given this assumption, we generally define knowledge as an understanding of the relationship

between the observed data and the underlying CS. Thus, the knowledge base can be thought

of as consisting of the space Z as well as the mappings to and from this space. Therefore,

we can rewrite (4.1) as

eZ(x) = z, (4.2)

where we define z ∈ Z as the semantic representation of the data x. As shown in Figure 3.2,

this semantic representation is then transmitted traditionally over a channel. We represent

this process as a composition of functions

ẑ = g(h(f(z))), (4.3)
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where f : Z → {0, 1}K denotes the traditional source/channel coding functions mapping z

to a message of K bits, h : {0, 1}K → {0, 1}K represents physical transmission of the signal,

and g : {0, 1}K → Z captures the traditional decoding functions.

After the approximate semantic representation ẑ ∈ Z is recovered, it is passed to the

semantic decoder. The decoder is assumed to share the same knowledge base as the encoder1

and is thus denoted as a function dZ . The behavior of the semantic decoder will vary

depending on the communication goal. For example, if the goal of communication is to

perform some task, say, classification over C classes, the semantic decoder might take the

form dZ : Z → ∆C−1 with

dZ(ẑ) = c, (4.4)

where c is a C-dimensional probability vector in the probability simplex ∆C−1.

In this chapter, we consider a particular semantic decoder. Let the primary goal of

communication be to successfully convey a concept to the receiver, i.e., to convey meaning.

Assuming that a finite number of concepts are defined over the CS Z, define a set J as the

index set of these concepts

J = {1, 2, . . . , J}, (4.5)

where J is the total number of concepts defined over Z, and ȷ ∈ J corresponds to concept

Cȷ. Then we can consider the semantic decoder as a function dZ : Z → J defined as

dZ(ẑ) = ȷ̂, ȷ̂ ∈ J . (4.6)

In the following section, we use these terms to define the notion of a semantic error within

the context of SCCS.

The proposed framework represents a paradigmatic shift from traditional communication.

It considers knowledge as an integral part of the communication process, rather than viewing

it as only the semantics-agnostic process of transmitting bits. In the CS framework, a

1SemCom with mismatched CSs at the transmitter and receiver is an interesting problem that is out of
the scope of this paper, and will be considered in future work.
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concept can be viewed as a sort of “semantic codeword.” In contrast to the idea of a

codeword in the traditional sense, or even in the sense of black-box ML-based SemCom,

these codewords correspond, by definition, to some human-interpretable concept. As will

be seen in the following section, this allows for an intuitive, general definition of semantic

distortion, which is a significant distinction from the notion of codeword distance in the

traditional setting. Moreover, as will be seen, the notion of a “semantic error” can be well-

defined mathematically within this framework while also maintaining intuitive significance

as a true error with regards to some meaning.

4.4 Semantic Distortion and Error Analysis

With the formal SCCS framework in place, we now turn to the problem of quantifying

semantic distortion and defining semantic errors. In this section, we will show that using

CSs to model knowledge leads to a notion of semantic distortion that is natural, intuitive,

and interpretable. Furthermore, we use this notion to derive bounds of the probability of

semantic error. We close this section by discussing some of the practical implications of this

theory.

4.4.1 Semantic Distortion in a Conceptual Space

As we have defined our model of knowledge representation in terms of geometric structures,

it is natural to think of semantic distortion as a distance measure. Doing so gives the ability

to compare the meanings of different objects and ideas. First, consider the distance between

points within a single domain. For the mth domain Dm, we define this distance as a function

mapping two points in the domain to the non-negative real line, i.e. δm : Dm × Dm → R+.

While any general mapping can be considered, we are interested in functions that satisfy the

three conditions of a metric, namely non-negativity, symmetry, and the triangle inequality.
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Respectively,

δm(d1,d2) ≥ 0, (4.7)

δm(d1,d2) = δm(d2,d1), (4.8)

δm(d1,d3) ≤ δm(d1,d2) + δm(d2,d3). (4.9)

Given δm for each of the M domains, we can now define semantic distortion.

Definition 6. (Semantic Distortion) Semantic distortion is a function mapping two points

in the CS Z to the non-negative real line δ : Z × Z → R+ given by

δ(z1, z2) =
M∑

m=1

δm(z1, z2) (4.10)

where δm(z1, z2) = δm(d1,d2) is computed using the coordinates in z1, z2 corresponding to

domain Dm.

Since δ is defined on the CS, it is inherently interpretable. This provides insight on why

two elements differ semantically, as this is due to differences in the quality domains. This

is a significant advantage over uninterpretable semantic distortion/similarity measures, such

as the BERT-based similarity measure [120].

Example 2. (Distance in the color domain) Recall the color domain of Example 1. To

determine a distance function for this domain, we must take into account its specific geom-

etry. If we let the hue dimension take values in the interval [0, 1], we cannot use absolute or

squared difference to represent distance, since we need to capture the circularity. One way

to represent distance on this dimension is with the expression

min(|h− ĥ|, |1− (h− ĥ)|), (4.11)

where h represents the hue value. To avoid taking a minimum, (4.11) can be approximated
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as

γ(h, ĥ) = −1

ρ
ln

(
1

2
e−ρ|h−ĥ| +

1

2
e−ρ(1−|h−ĥ|)

)
, (4.12)

with parameter ρ > 0. Since the brightness and saturation dimensions are linear, we can let

them take values in the interval [0, 1] and use the squared difference to represent distance.

Then we define distance within the domain as a mean squared error-like function given by

δcolor(d, d̂) =
1

3

(
(s− ŝ)2 + (b− b̂)2 + γ(h, ĥ)2

)
, (4.13)

where s and b are the saturation and brightness values, respectively, and d = (h s b)⊺.

Note that if each of the domain-specific distance functions satisfy the metric conditions,

then the semantic distortion function given by (4.10) will also be a metric. Next, we’ll use this

observation to derive bounds on the probability of semantic error under some assumptions.

4.4.2 Bounding the Probability of a Semantic Error

In traditional information theory, an error is characterized by the reception of an incorrect

symbol. As discussed toward the end of section 4.3.2, we are interested in communication

when the primary goal is to convey a concept. Thus, using the notations of (4.5) and (4.6),

we can define the notion of a semantic error.

Definition 7. (Semantic Error) A semantic error occurs when the concept decoded by the

receiver does not match the concept that is to be conveyed, i.e.

dZ(ẑ) = ȷ̂ ̸= ȷ∗, (4.14)

where ȷ∗ is the index of the true concept Cȷ∗ to be communicated.

This definition of a semantic error is rather intuitive. If we take the meaning of an idea

or object to be represented by its corresponding concept in a CS, the successful conveyance

of meaning boils down to the successful communication of these concepts. This also matches
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the intuition that a syntactic error does not necessarily induce a semantic error. Perhaps

the technical communication of z contains errors, such that ẑ ̸= z, i.e., the CS coordinates

obtained by the receiver have shifted to a new location within the space. Since concepts are

represented as regions, it is possible that ẑ will be decoded as the correct concept. Moreover,

this differs from other notions of a semantic error in that it is, by definition, grounded in an

interpretable space of quality dimensions. Thus we can answer questions such as “why did

an error occur?” This opens the door for human knowledge-based higher level intelligence

in SemCom systems.

To derive formal bounds on the probability of semantic error, we will make a few as-

sumptions:

A1. Concepts are formed from the Cartesian products of properties. Thus, concepts are

convex regions within the space, and each concept Cȷ has a concept prototype zȷ.

A2. Semantic distortion δ : Z × Z → R+ is a metric.

A3. The semantic decoder is a minimum-distance decoder: dZ(ẑ) = argminȷ∈J δ(zȷ, ẑ).

Assumption A1 is intuitive, as a concept can often be expressed as a combination of

properties, e.g., the concept of a “red square” is a combination of the properties “red” and

“square.” Since properties are convex regions by definition, we can meaningfully compute a

prototype point zȷ as the centroid of these convex regions.

Assumption A2 ensures that the chosen distortion function behaves like a true measure

of distance. Given these first two assumptions, we can obtain a Voronoi tessellation of the

CS [31]. A Voronoi tessellation partitions a geometric space into convex regions, where the

region of the tessellation corresponding to a prototype point zȷ is defined as all points z such

that δ(z, zȷ) ≤ δ(z, zj) for all j ∈ J where j ̸= ȷ. Intuitively, it is the region of all points

closer to the prototype of concept Cȷ than any other prototype. An example is provided in

Figure 4.2.

These first two assumptions lead naturally to a minimum-distance decoding scheme,

expressed as the final assumption A3. Under this scheme, a concept will be decoded correctly
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Figure 4.2: Example Voronoi tessellation with four concept prototypes on R2.

if the received semantic representation ẑ lies within the Voronoi region of the prototype point

zȷ∗ . Conversely, a semantic error will occur when ẑ lies outside this region. Let the Voronoi

region corresponding to concept Cȷ (equivalently, prototype zȷ) be denoted by Vȷ. Then we

can express the probability of semantic error as in Definition 7 as

P (ȷ̂ ̸= ȷ∗) = P (ẑ /∈ Vȷ∗). (4.15)

To obtain a bound on this probability, first consider the value τȷ which we define as the

solution to

max
z∈Z

δ(z, zȷ)

s.t. δ(z, zȷ) ≤ δ(z, zj) : j ∈ J , j ̸= ȷ.

(4.16)

Intuitively, τȷ is the radius of the largest sphere centered at zȷ and inscribed in the Voronoi

region Vȷ; this notion is illustrated in Figure 4.2.

Next, consider the two potential sources of semantic distortion. Recall, the semantic

encoder maps data x to a semantic representation z. An imperfect encoder might introduce

92



some level of semantic distortion δ(zȷ∗ , z). Moreover, syntactic errors may introduce some

distortion δ(z, ẑ). In general, the end-to-end distortion will be a function of these two values.

Under assumption A2 that δ is a metric, the triangle inequality holds and we have

δ(zȷ∗ , ẑ) ≤ δ(zȷ∗ , z) + δ(z, ẑ) (4.17)

We can now derive an upper bound on the probability of semantic error.

Lemma 1. Let αȷ denote the prior probability that concept Cȷ is chosen as the true concept

Cȷ∗. Then the probability of semantic error ȷ̂ ̸= ȷ∗ has the upper bound

P (ȷ̂ ̸= ȷ∗) ≤
∑
ȷ∈J

αȷP (δ(zȷ, z) + δ(z, ẑ) > τȷ) . (4.18)

Proof. Recall that the Voronoi region corresponding to concept Cȷ is denoted by Vȷ. Then

P (sem. error) = P (ȷ̂ ̸= ȷ∗)

=
∑
ȷ∈J

P (ȷ̂ ̸= ȷ∗ | ȷ∗ = ȷ)P (ȷ∗ = ȷ)

=
∑
ȷ∈J

αȷP (ȷ̂ /∈ Vȷ)

≤
∑
ȷ∈J

αȷP (δ(ẑ, zȷ) > τȷ)

≤
∑
ȷ∈J

αȷP (δ(zȷ, z) + δ(z, ẑ) > τȷ) ■

Note that to compute (4.18), the probability distribution over the set of concepts is

required. If this distribution is unknown, with one additional assumption a looser bound

can be derived.

Lemma 2. Define τ = minȷ∈J τȷ. If the distribution of the distortion introduced by the

semantic encoder is independent of the concept Cȷ being encoded, then the probability of
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semantic error has the upper bound

P (ȷ̂ ̸= ȷ∗) ≤ P (δ(zȷ, z) + δ(z, ẑ) > τ). (4.19)

Proof. Beginning in the same manner as in the proof of Lemma 1, we arrive at the same

result. Moreover, since τ ≤ τȷ for all ȷ ∈ J , we have

P (semantic error) ≤
∑
ȷ∈J

P (δ(zȷ, z) + δ(z, ẑ) > τȷ)P (ȷ
∗ = ȷ)

≤
∑
ȷ∈J

P (δ(zȷ, z) + δ(z, ẑ) > τ)P (ȷ∗ = ȷ)

Looking at the first probability term inside the summation, we see that the only term depen-

dent on ȷ is δ(zȷ, z). By assumption, this random distortion is independent of the concept

Cȷ being encoded, and thus the entire term does not depend on ȷ. Therefore, we can write

P (semantic error) ≤ P (δ(zȷ, z) + δ(z, ẑ) > τ)
∑
ȷ∈J

P (ȷ∗ = ȷ)

= P (δ(zȷ, z) + δ(z, ẑ) > τ) ■

4.4.3 Practical Implications

The bounds derived in Lemmas 1 and 2 can guide the design of robust SemCom systems.

For example, in (4.18) we see that the bound is determined by four values, namely, the prior

distribution of concepts αȷ, the quality of semantic encoding δ(zȷ, z), the quality of syntactic

communication δ(z, ẑ), and structure of the CS τȷ. Taking the αȷ’s to be fixed, this leaves

three variables that can be tuned to achieve the desired performance. First, the CS should be

designed such that common concepts (i.e., large αȷ) have a large τj, decreasing the probability

of a misunderstanding when communicating that concept. After this, the traditional portion

of the communication system can be determined, fixing the distribution of δ(z, ẑ). Finally,

the semantic encoder can be designed to meet performance requirements, for instance by

94



training a DNN to meet the maximum distortion with high probability. Conversely, one

can fix the semantic encoder and relax the requirements of the syntactic communication to

achieve maximum technical efficiency while maintaining semantic performance. We end this

section with an illustrative example of this process.

Example 3. (Semantic system design) Suppose we want to design a SemCom system to

communicate three concepts, denoted C1, C2, and C3. The probabilities of these concepts are

known and fixed2 at α1 = 0.5, α2 = 0.25, and α3 = 0.25. After the CS model is designed,

it is found that τ1 = 3, τ2 = 2, and τ3 = 1. For simplicity, suppose that the components

of semantic distortion introduced by both the encoder and the syntactic communication are

independent of the concepts, and that they can be modeled as exponential random variables,

i.e., δenc ∼ exp(λ1) and δtrad ∼ exp(λ2). Parameters λ1 and λ2 reflect the capabilities of the

system components, e.g., a greater λ value indicates that large distortion values are less

likely. After designing the semantic encoder, it is found that λ1 = 2. We would like to

design the syntactic portion of the system (channel coding, modulation, etc.) such that

the probability that a semantic error occurs is less than 0.05. First, note that the sum of

distortions follows a hypoexponential distribution. Letting δ = δenc + δtrad, the PDF of this

random variable is given by the expression

pδ(x) =
2λ2

2− λ2
(
e−λ2x − e−2x

)
, x ≥ 0. (4.20)

Integrating this PDF, we compute the probability of this sum exceeding some value τȷ as

P (δ > τȷ) =

∫ ∞

τȷ

pδ(x)dx =
2e−λ2τȷ + λ2e

−2τȷ

2− λ2
. (4.21)

Substituting this into the right hand side of (4.18), setting equal to 0.05, and solving we

find that λ2 ≈ 1.5. Designing the syntactic portion of the system to meet this specification

will ensure that the desired performance is achieved without wasted resources. For λ2 < 1.5,

2Note that all values and distributions in this example are arbitrary, and are only meant to illustrate the
process of SemCom system design.
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the distortion will be too great to guarantee the desired performance. However, if λ2 > 1.5,

resources will be wasted on unnecessary technical accuracy beyond what is required for the

semantic goal.

4.5 Knowledge-Driven Semantic Communication

In [118], the authors outline a vision and framework for future SemCom systems imbued with

higher-level intelligent capabilities. In this section, we briefly show how the SCCS framework

naturally lends itself as a knowledge-driven foundation to this kind of higher-level framework,

where the notion of a “semantic language” as in [118] is elegantly realized by the CS model.

We then demonstrate how semantic distortion can be generalized to handle the notion of

context and conclude with a discussion of semantic ambiguity, semantic redundancy and

scalability as they relate to our framework.

4.5.1 Data-Driven to Reasoning-Driven Intelligence

The authors of [118] characterize the evolution of the wireless network into four stages,

namely data-driven, information-driven, knowledge-driven, and reasoning-driven. Their pri-

mary contribution is a proposed framework for the final stage of wireless network, where

reasoning capabilities are built-in. One central aspect of this framework is the designation of

transmitter and receiver nodes as “teacher” and “apprentice” nodes. The two agents commu-

nicate using a semantic language. Another key feature is the notion of context, which plays a

large role in their causal reasoning framework consisting of interventions and counterfactuals.

Overall, this framework is proposed to meet the needs of the final stage outlined above,

i.e., it is reasoning-driven. However, such reasoning-driven communication will be largely

dependent on knowledge representation, as an agent must have some knowledge to reason

over in the first place. In other words, knowledge-driven communication is a vital prerequisite

to reasoning-driven communication, as is shown in the stages of evolution given above.

In the previous sections, we have developed different aspects of such a knowledge-driven
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approach. Now, we connect our approach to this higher-level reasoning-driven framework.

First, consider the definition for a semantic language.

Definition 8. (Semantic Language [118, Defn. 3]) A semantic language L = (Xli , Zi), is

a dictionary (from a data structure perspective) that maps the learnable data points Xl,i

to their corresponding semantic representation Zi, based on the identified semantic content

elements Yi.

We take the idea of a concept (as in Definition 5) to be synonymous with the idea of a

“semantic content element” in Definition 8. Moreover, the geometric underpinning of the

CS model inherently provides the semantic representations of such content elements, which

we can take to be the coordinates of the prototype point zȷ for concept Cȷ. Then we can

define a CS-based semantic language.

Definition 9. (Conceptual Space-Based Semantic Language) L = (xȷ, zȷ) is a dictionary

that maps the learnable data points xȷ of concept Cȷ to the corresponding concept prototype

zȷ.

Therefore, our proposed model of knowledge representation is fully compatible with this

higher-level framework for reasoning-driven communication. More importantly, our approach

can provide a formal foundation for the qualitatively-defined components of this framework,

such as semantic content elements and semantic representations. In [118], it is stated that

a semantic language should exhibit three qualities. We close this subsection by highlighting

how the semantic language of Definition 9 meets these three criteria:

• Minimalism: By representing concepts within the raw data as coordinates within a CS,

the amount of data transmitted to convey the semantics can be immensely reduced. For

example, in our previous work we showed that effectively transmitting image semantics

with CSs can reduce the required data rate by over 99% [121].

• Generalizability : As the CS representation truly sits at the semantic level, domains

can be reused for different tasks and settings. For example, the color domain can be

used to represent concepts involving color in any given task.
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• Efficiency : The geometric representation of semantics provided by CSs allows for ef-

ficient computation of otherwise difficult operations. Take the example of semantic

similarity, which has been a particularly challenging quantity to assess. One recent

approach is to use a pre-trained DNN model to assess the similarity of sentences, e.g.,

using BERT [120]. Even without training, a network of this size can still require bil-

lions of operations per computation. With CSs, semantic similarity is captured as a

simple distance function over interpretable semantic dimensions, from which meaning

can be easily compared.

4.5.2 Communicating with Context

When first describing CSs, Gärdenfors points out the importance of context. He primarily

describes two methods of expressing context, which are referred to as salience and sensitivity.

Salience refers to the fact that in a given situation, some domains of a CS may be more

important or prominent than others. To this point, Gärdenfors states “the relative weight

of the domains depends on the context in which the concept is used” [31, p. 103]. On

sensitivity, he states that “subjects can be trained to become sensitized to certain areas of

a dimension so that the perceived length of the area is increased” [31, p. 104].

These two aspects of context can be mathematically realized by altering the semantic

distortion function in (4.10). First, note that these two notions will alter the semantic

distortion function in different ways. Salience seems to work across domains, while sensitivity

alters the space within a single domain. Starting with salience, as initially proposed by

Gärdenfors we can capture this idea with a set of weights corresponding to the domains,

W = {w1, w2, . . . , wM},
M∑

m=1

wm = 1, (4.22)

which alters the semantic distortion function in the follow way:

δ(z1, z2 | W) =
M∑

m=1

wmδm(z1, z2) (4.23)
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Given the communication context, greater distortion in highly-weighted domains will have

a greater effect of the overall distortion. Additionally, it is easy to show that if the semantic

distortion δ(·) is a metric function, the salience-weighted semantic distortion δ(· | W) is also

a metric, and the results in the previous section still apply.

Furthermore, we can think of sensitivity as a transformation of a domain, i.e., some

dimensions may be “stretched” and some may be “shrunk” to reflect the sensitivity of the

agent in the given context. We define a set of transformations corresponding to each of the

domains in the space,

T = {T1, T2, . . . , TM}, (4.24)

such that

D̃m = Tm(Dm), δ̃m = δm(D̃m). (4.25)

Transformation Tm alters the geometry of the mth domain to match the sensitivity of the

agent in the context, and thus defines a new function δ̃m which maps the new domain to the

non-negative real line. Substituting these new distortion functions into (4.23) we have

δ(z1, z2 | W , T ) =
M∑

m=1

wmδ̃m(z1, z2), (4.26)

which is the new context-dependent distortion function. By incorporating these different

aspects, we can obtain a more realistic representation of meaning, and begin to capture

some of the more nuanced aspects of meaning that can enable more intelligent SemCom.

4.5.3 Ambiguity, Redundancy, and Scalability

Two important concepts in the context of SemCom are semantic ambiguity and redundancy.

Semantic ambiguity results from the fact that some data can be associated with multiple

meanings. For example, the word “tree” in the context of a nature hike brings to mind

an entirely different picture than that of a decision “tree” in a computer science context.

Conversely, semantic redundancy refers to the scenario in which multiple unique data possess
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a similar meaning, e.g., the words “begin” and “commence”. Semantic ambiguity can often

be alleviated with the inclusion of contextual information. This is what is done in (4.26),

where the contextual information is used to alter how meaning is represented within the

CSs framework. Regarding the semantic redundancy, this issue is implicitly handled by

the CSs framework in that data with similar meaning will be mapped to similar points

within the semantic space. Thus, the elimination of semantic redundancy becomes of a

problem of designing the semantic encoder to identify redundant syntactic data and map

them accordingly to the semantic space. Our framework, therefore, provides natural ways

of handling both semantic ambiguity and redundancy.

One of the primary challenges faced when implementing our proposed approach is the

design of the CS itself. This is a non-trivial task that generally requires deep knowledge of

the semantics related to the task at hand. In our previous work [121] and in the experiments

in the following section, we hand-craft CSs to achieve SemCom. This approach to CS design

lacks scalability, and thus more efficient techniques will be required to enable practical use

of this framework. One possible path toward addressing this problem is to utilize existing

techniques in the field of representation learning [122]. In this context, the dimensions of the

CS could be considered as features to be learned, where the higher-level structures (domains,

concepts, etc.) are built on top of the learned space. This critical challenge is addressed in

Chapters 5 and 6.

4.6 Experimental Results

To demonstrate our proposed approach, we simulate a metaverse-inspired communication

problem. Lately, the idea of the metaverse has received great attention due to its potential

to enhance digital experiences. Metaverse applications aim to provide immersive online

experiences by utilizing technologies such as virtual reality and augmented reality [123,

124]. To achieve true immersion, these applications potentially require massive amounts of

data transmission. These intensive communication requirements, coupled with the expected

growth of the metaverse [125], make metaverse-inspired communication a prime candidate
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Figure 4.3: CS for using VRET to treat acrophobia. Properties, their prototype points and
the Voronoi tessellation are included.

for the benefits of SemCom.

4.6.1 Problem Definition and System Description

In our experiments, we look at the problem of VRET, which is just one of the many examples

in which the metaverse can be utilized in the context of healthcare [119]. VRET can be used

to treat phobias by exposing the patient to fear-inducing stimuli in the virtual environment

while being guided by a therapist, to gradually reduce fear of the specific stimulus [126].

One of the most common phobias is the fear of heights (acrophobia) [127]. Thus, we focus

on this scenario and aim to use the tools developed in the previous sections to design and

analyze a SemCom system for a VRET application within the metaverse. Specifically, we

look at the end-end patient-to-therapist communication link.

The first step in our design is to build a CS model to capture the relevant semantics.

These relevant semantics are often tied to the overall goal of communication, and in the

patient-to-therapist scenario, the goal is to provide a clear picture of the patients current

emotional state to the therapist, as well as the intensity of the current stimulus in the virtual

reality environment. Thus, we define two domains, shown in Figure 4.3; namely, the emotion

and stimulus domains.

We utilize valence and arousal dimensions [128] to construct the emotion domain. Valence

refers to the degree to which a given emotion is positive or negative, while arousal refers to
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Table 4.1: Concepts and prototype points (zȷ).

Phobia Level Valence Arousal Height Stability
Mild 0.375 0.625 0.875 0.125

Moderate 0.250 0.750 0.500 0.500
Extreme 0.125 0.875 0.125 0.875

the intensity or level of activation of an emotion. Fear represents a low-valence and high-

arousal emotion. We also adopt the different ranges used in [128] for fear-level classification

to define properties within this domain, also shown in Figure 4.3. For the stimulus domain,

with acrophobia in mind, we identify the dimensions of height and stability to characterize

the intensity of a stimulus. For example, a high-intensity stimulus would be climbing a tall

ladder, while a low-intensity stimulus would be walking on a beach. For simplicity, properties

are defined as degrees of intensity, analogous to the fear properties of the emotion domain.

As our CS has two domains with linear dimensions, we can define the semantic distortion

as the sum of the Euclidean distances in both domains, i.e., for z = (v a h s),

δ(z, ẑ) =

∥∥∥∥∥∥∥
v − v̂
a− â


∥∥∥∥∥∥∥
2

+

∥∥∥∥∥∥∥
h− ĥ
s− ŝ


∥∥∥∥∥∥∥
2

(4.27)

Concepts are formed by taking the Cartesian product of convex regions within the two

domains, and these concepts represent phobia levels. For example, “mild phobia” is a concept

obtained by combining “mild fear” with “extreme intensity”. Similarly, a concept of “extreme

phobia” can be realized through a combination of “high fear” and “no intensity”. We

define three concepts and their prototype points, which are given in Table 4.1. We limit

ourselves to concepts involving medium and high fear properties, due to these being by far

the most common of our defined emotional properties present in the Aff-Wild2 dataset used

for training [128–130].

As described in section 4.3, our SemCom goal is the accurate communication of these

concepts. In our experiments, we simulate four systems to achieve this goal.
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Figure 4.4: Visualization of the BaseCNN architecture used in the practical systems.

Theoretical Semantic System

First, we simulate SemCom with a theoretical semantic encoder to examine the system per-

formance with arbitrary encoder distortion. Here we model the dimensional error introduced

by the semantic encoder as a multivariate normal random vector, i.e.,

z = zȷ∗ + n, (4.28)

where n ∼ N (0, σ2
eI)) and I denotes the identity matrix. Note that we can tune the

parameter σe to simulate varying levels of quality of the semantic encoder. The semantic

representation z is then quantized, modulated, and transmitted over the channel. At the

receiver, demodulation and channel decoding is performed, and a minimum-distance semantic

decoder is employed to make a decision on the transmitted concept.

Practical Systems

We simulate three practical systems to demonstrate the performance of our proposed ap-

proach. The first represents the proposed approach and utilizes the SCCS framework. The

first baseline utilizes a technique inspired by the joint source channel coding technique for

SemCom [131], and the second uses traditional communication system with no SemCom.

Each system utilizes a CNN architecture that is slightly modified from that of [132], which

is originally based on the YOLO architecture [133]. This architecture (termed BaseCNN) is

shown in Figure 4.4, and other details pertaining to the models are provided in Table 4.2.

To train the models, we utilized two datasets, each corresponding to one of the domains
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Table 4.2: Practical systems: models and training details.

SCCS Semantic Baseline Non-Semantic Baseline

Architecture

BaseCNN
Dense(64), tanh activation

BaseCNN Binarization Layer BaseCNN
Dense(4), sigmoid activation 16-QAM Layer Dense(3), softmax activation

AWGN Layer
Dense (3), softmax activation

Loss Function Equation (4.27) Categorical Cross Entropy
Optimizer Adam

Learning Rate 0.001
Minibatch Size 64

Minibatches/Epoch 500
Total Epochs 100
Dropout Rate 0.3

of the CS. The first is the Aff-Wild2 dataset [129, 130], which consists of 564 videos of around

2.8M frames with 554 subjects (326 of which are male and 228 female), all annotated with

valence/arousal labels. For the stimulus domain, we created a dataset of 43 videos of around

500k frames of various stimuli corresponding to different levels of intensity and assigned each

frame a height/stability label. Data samples were constructed by sampling a frame from each

dataset, resizing each to a 112×112×3 RGB image, and combining the resulting images to

form a 112×112×6 array which serves as the input to each CNN. A total of 450k of these

combined images where used for the training dataset, while 50k were used for the validation

dataset.

When training the conceptual-space based model, the label for a given input is the

semantic representation z. Thus, the label for a given data sample consists of a four-element

vector describing the position of the data sample in the CS. In essence, our aim is to teach the

semantic encoder the geometry of the space and its relation to the raw data, thus providing

it with knowledge of the concepts therein. For the other two models, the labels are one-hot

encoded vectors specifying the present concept. For training the end-end semantic model,

a uniformly random SNR ranging from -20dB to 20dB was selected to generate the added

noise for each sample. For each model, dropout was applied during training after each

convolutional block to mitigate overfitting. The models were created and trained using the

Keras API within the Tensorflow Python package.

After the models were trained, the systems were simulated as shown in Figure 4.5. The

proposed system transmits CS representations traditionally and uses a minimum-distance
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Figure 4.5: The three practical communication systems for VRET.

decoder. Given the received CS representation, this decoder uses knowledge of the geometry

to get a decision on the concept. The encoder of the end-end semantic system generates

complex symbols directly and a dense layer is used at the receiver to get the decision directly

from the received symbols. The non-semantic system transmits both of the images over the

channel and uses a classifier at the receiver to decide the phobia level.

4.6.2 Traditional Communication Components

For each of the systems, we simulate various aspects of the traditional portion of the system.

Many future metaverse applications will likely utilize WiFi, and thus in our experiments

we simulate the IEEE 802.11 standard [134]. We examine communication under BPSK,

16-QAM, and 256-QAM modulation. For the CS-based semantic system, we employ rate

1/2 convolutional coding at the transmitter and Viterbi decoder at the receiver. Moreover,

we perform experiments for both AWGN and Rician fading channel models.

4.6.3 Results and Discussion

Monte Carlo simulations are used to demonstrate the performance of the systems described

above. Here we describe these experiments and the following results, and provide some

discussion as to their implications.
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Figure 4.6: Plots of average semantic distortion vs. SNR (top) and probability of error vs.
SNR (bottom) results for the proposed system with a theoretical semantic encoder under
the AWGN channel (left) and Rician fading channel (right).

Theoretical Encoder

First, we perform experiments using the SCCS system with a theoretical encoder, the results

of which are shown in Figure 4.6. The top-left plot shows the overall semantic distortion

δ(zȷ∗ , ẑ) and the encoder distortion δ(zȷ∗ , z) as functions of the SNR for an encoder standard

deviation σe = 0.01 under the AWGN channel. In each case, the overall semantic distortion

becomes limited by the performance of the semantic encoder as the channel quality improves.

Therefore, the semantic encoder is the key factor in determining the best-case performance

of the overall SemCom system. Improving the performance of the semantic encoder will

lower the distortion floor of the overall system.

The bottom-left plot of Figure 4.6 confirms this; there, the probability of semantic error

P (ȷ̂ ̸= ȷ∗) is plotted against SNR, as well as the probability of packet error. Recall from

Definition 7 that a semantic error is defined as an incorrectly decoded concept, analogous

to the notion of a syntactic error representing an incorrectly decoded symbol. In our sim-

ulations, a packet is composed of 160 bytes corresponding to 20 semantic representations

z each consisting of a vector of 4 8-bit floating point values, with rate 1/2 channel coding.

We observe that the probability of semantic error reaches a hard limit at precisely the SNR
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where the overall distortion in the top-left plot reaches its floor. As such, this error floor can

be reduced by improving the quality of the semantic encoder. This plot also illustrates the

intuition that a syntactic error does not necessarily induce a semantic error. For example at

Eb/N0 = 0dB we see that the probability of packet error is nearly 1 for all modulation types,

but for BPSK modulation the probability of semantic error is around 0.08. Thus, we are

able to achieve good semantic performance despite poor technical performance, illustrating

the potential robustness of SemCom systems to traditional bit errors.

The right-hand plots in Figure 4.6 provide similar results for the Rician channel model

with fading parameter K = 6dB. We see that the semantic distortion curves are rather

similar to those for the AWGN channel. Moreover, the probability of semantic error curves

are also relatively similar to those for the AWGN channel, despite the greatly increased

probability of packet error. These results indicate that the proposed approach can provide

even greater benefits with respect to robustness in the presence of channel fading.

Practical Systems

Next we examine the performance of the proposed SCCS system compared to the baseline

semantic and non-semantic systems, and the results are shown in Figure 4.7. All of the

results in this subsection were obtained for the AWGN channel.

The curves marked by circles show the probability of semantic error for the proposed

approach and the bound obtained from Lemma 1. We see similar behavior as the system

with a theoretical semantic encoder; specifically, the performance improves with the channel

conditions up to a certain point, at which it becomes limited by imperfections of the semantic

encoder. We also observe that the upper bound provided by Lemma 1 indeed holds as an

upper bound for the semantic performance, though it does not appear to be a very tight

bound.

One reason for this loose bound lies in the fact that we are measuring semantic distortion

with respect to concept prototypes. Therefore, even if the semantic encoder is perfect in

mapping a given input to its true representation z, this point may not be close to any
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Figure 4.7: Probability of semantic error for the proposed system (filled circles) and a
fine-tuned version (filled squares), baseline end-end semantic system (open triangles) and
baseline non-semantic system (filled triangles), plotted against SNR.

prototypes; in other words, some data are conceptually ambiguous (which is different from

semantic ambiguity that was discussed in section 4.5.3). Being relatively unrelated to any

of the concepts of interest, these points induce great uncertainty at the receiver. Intuitively,

we should observe improved performance and a tighter bound by eliminating this conceptual

ambiguity. To test this hypothesis, we created a new dataset by randomly sampling points

from the initial dataset that lie within the spheres centered at the prototype points with

radius given by (4.16). This new dataset was then used to fine-tune the general CNN

semantic encoder and to test the performance of the system with this fine-tuned encoder.

The results are given in Figure 4.7, and are denoted by the curves marked with squares.

These results confirm our intuition, as the best-case probability of error drops from around

0.11 to about 0.04. We also observe that the upper bounds on the semantic performance are

indeed much tighter.

The curve marked by filled triangles in Figure 4.7 displays the results for the baseline non-

semantic system, while the unfilled triangles denote the performance of the baseline end-end

semantic system. First, we observe that the end-end baseline performs the best out of the

three for low SNR, which agrees with previous results for this kind of approach [4]. However,

the end-end baseline performs the worst at high SNR values. This is most likely due to the

108



inclusion of the non-differentiable binarization, 16-QAM, and AWGN layers which introduce

non-smooth behavior, impairing the gradient-based updates of the backpropagation algo-

rithm during training. Next, we see that the non-semantic baseline performs similarly to the

proposed system at extreme SNRs, with better performance at SNR values under 0dB and

worse performance at SNR values greater than 0dB.

Finally, it is important to note the efficiency gains of the semantic systems to the non-

semantic system. Each semantic representation consists of 4 8-bit values, coded at a rate

of 1/2 for a total of 64 bits (the same number of bits is used in the end-end system). In

the non-semantic system, each inference is carried out over 2 112×112×3, for a total of

75,264 pixels. Each pixel uses 8 bits, resulting in 602,112 bits transmitted per inference.

Thus, the semantic systems reduce the overall rate by over 99.9%, with the proposed system

achieving the best performance. These results demonstrate that the proposed system can

achieve reliable SemCom with a massive reduction in rate.

4.7 Chapter Summary

In this chapter, we have greatly expanded both theoretical and practical aspects of a SemCom

system with knowledge representation based on the theory of CSs. We provided formal

definitions of key aspects, defined the notions of semantic distortion and semantic error,

and derived error bounds that follow from these definitions. We showed how this theory

can serve as the underlying foundation for a truly intelligent reasoning-driven system, and

how important notions such as context can be easily incorporated into the framework. To

illustrate some of the key benefits of our approach, we simulated a VRET application utilizing

the SCCS framework, and demonstrated robust semantic performance with more than 99.9%

percent reduction in rate as compared to a more traditional system. These results reveal

some important insights, such as the importance of the semantic encoder and the CS design

in the overall performance of the SCCS system.
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Chapter 5

Learning Conceptual Spaces

One of the primary challenges by the SCCS framework is obtaining the CS model. In the

previous chapters, these models were hand-crafted using domain knowledge, after which a

ML model was trained in a supervised manner to map raw data to the CS. This approach has

two major drawbacks. First, the hand-crafted design of the CS is not scalable and depends

on the knowledge of the designer. Second, ground-truth CS coordinate labels are required to

train the semantic encoder, and obtaining this data can be difficult and costly. To address

these shortcomings, in this chapter we propose a method of learning the domains of a CS

in a partially supervised manner using a modified neural architecture based on the concept

of an AE. This approach removes the hand-crafted aspect and automates the CS design,

requiring only high-level property labels for training, rather than fine-grained CS coordinate

labels.

5.1 Related Work

Closely related to the problem of learning a CS model is the problem of feature learning or

representation learning, where the goal is to extract meaningful patterns from data, usually

in a lower-dimensional space. Some approaches to this problem include probabilistic models,

manifold learning, and AEs [122]. As a simple example, the well-known principal component
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analysis technique can be viewed as a particular example of all three of these methods. More

information on these methods of representation learning can be found in [122]. However,

these approaches are not directly applicable to the problem CS learning, as the learned

dimensions often lack interpretability and can be intractable.

5.1.1 Chapter Contributions

In this chapter we introduce an AE-based technique for CS learning. The key idea is to utilize

semantic regularization based on the geometric structure of the learned representations and

the semantic similarity derived from that structure to engender the key properties of a CS

in the learned space. We focus on learning a single domain of a CS and hope to build on

this approach in future work. In short, the primary contributions of this chapter include:

• The introduction of a novel approach to learning a domain of a CS model based on the

AE architecture. The modified architecture includes a maximum-similarity property

classifier module to add semantic regularization.

• An iterative algorithm to learn the semantic properties and the model mapping raw

data to the semantic domain.

• Experimental results using the MNIST and CelebA datasets to demonstrate that the

proposed framework learns semantically consistent property regions and interpretable

quality dimensions.

5.2 Problem Definition

In this chapter we focus on the problem of learning a single domain of a CS model, which

we refer to as domain learning. To formally define the problem, we begin by recalling the

definitions for quality dimension, domain, and property first presented in Chapter 4.

Definition 1. (Quality Dimension [reproduced from Section 4.3.1]) A quality dimension is

a set of scalar values quantifying some quality of an idea or object. A key point here is that

111



these dimensions should be interpretable; typical ML-generated features in many popular

approaches to SemCom do not fit this criterion. We denote a quality dimension by Q, where

specific values along a quality dimension are denoted by q, such that q ∈ Q.

Definition 2. (Domain [reproduced from Section 4.3.1]) A domain D is a set that is con-

structed from the Cartesian product of integral quality dimensions, i.e., D =×K

k=1
Qk. A

point within a domain is specified by a column vector of quality values d = (q1 q2 · · · qK)⊺.

Definition 3. (Property [reproduced from Section 4.3.1]) A property P of a single domain

D is defined as a convex subset of that domain, i.e., P ⊂ D where, for λ ∈ [0, 1] and any

p1,p2 ∈ P , λp1 + (1− λ)p2 ∈ P .

Quality dimensions are the building blocks of CS models. Integral quality dimensions

form a domain, where two qualities are said to be integral if a value on one dimension cannot

be assigned to an object without giving it a value on the other, e.g., hue and brightness of

color [31]. Properties are then defined as regions within a domain, where the convexity

requirement ensures that if two points represent a given property, all points in between also

represent that property.

As a geometric entity, it is natural to think of a semantic distance or distortion metric

on a domain. Here we consider a particular case of the general semantic distortion presented

in [135] with only a single domain.

Definition 10. (Single-domain semantic distortion) Semantic distortion is a function δ map-

ping two points in the domain D to the non-negative real line, i.e., δ : D ×D → R+.

Moreover, we define the notion of semantic similarity, which acts on the semantic distor-

tion to yield a measure of similarity between two points in the CS. In [31], it is suggested that

a Gaussian function could be used to transform semantic distance to similarity; we adopt

this function here.

Definition 11. (Semantic similarity) Semantic similarity maps semantic distortion to the

interval (0,1], with 0 representing total dissimilarity and 1 representing identity. Formally,
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Figure 5.1: Semantic similarity vs. semantic distortion.

we have σ : R+ → (0, 1] such that,

σ(dij) = e−cd2ij , (5.1)

where dij is the distortion between two points qi and qj and c is a tunable parameter.

We see that the similarity is 1 when dij is 0 and approaches 0 as dij approaches infinity.

Similarity will remain approximately 1 for small distortion values, begin to quickly decrease

as distortion continues to increase, and eventually become approximately 0 for large distor-

tion values. The parameter c can be used to “shrink” or “stretch” this function, such that

the similarity function is more or less sensitive to small changes in distortion, as shown in

Figure 5.1.

At the outset, we assume that we are given a dataset with two components. First, the

dataset contains samples of the raw data to be communicated, i.e., the input to the semantic

encoder in a typical SemCom setup. Second, it contains semantic property labels for each

data sample. Note that these labels contain no information about the property regions as

defined in Definition 3, and only specify which property the data possesses. Further, in this

work we assume that the quality dimensions to be learned are continuous intervals that lie

in Euclidean space such that Q ⊂ R and D ⊂ RN where N is the number of dimensions in

the domain. As such, we take the semantic distortion function to be the Euclidean distance

function, i.e.,

δ(qi,qj) = ∥qi − qj∥2 =

√√√√ N∑
n=1

(
q
(n)
i − q

(n)
j

)2
. (5.2)
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Given these data and assumptions, our objective is to employ ML to learn a CS domain

describing the semantics of the data. Thus, the quality dimensions will be characterized

by the dimensions that the network learns to map the data to. To validate the quality

dimensions of the CS domain, we require them to be interpretable. Furthermore, we require

that semantically similar properties be located closer in the space than semantically dissimilar

properties. Instead of learning the property regions themselves, we can take these regions

to be the corresponding Voronoi regions formed using the semantic distortion function and

a set of P property prototypes P = {pi}Pi=1, where p ∈ D [31, 135]. Thus, specifying the

property regions is equivalent to specifying the coordinates of each prototype point in the

domain, and all we need to learn are these prototype points. To summarize, we have three

requirements for the result of the domain learning process:

R1. A model mapping data to interpretable dimensions.

R2. A set of distinct points defining the property regions.

R3. Semantically consistent similarities between properties.

5.3 Proposed Approach

To address these challenges, we propose an AE-based approach as shown in Figure 5.2. The

architecture contains three primary modules: the encoder, the decoder, and the classifier.

The encoder and decoder modules are the same as in a traditional AE. The central inno-

vation is the addition of the property classifier module, which provides a kind of semantic

regularization to the network while learning. The details of each module are outlined below.

5.3.1 Encoder Module

The encoder takes the input and reduces the dimensionality to produce an output vector

q, which is a lower-dimensional representation of the input data x. This module consists

of traditional neural network layers, which can vary depending on the input data type. For
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Figure 5.2: Architecture of the domain learning network.

example, the encoder can comprise many dense layers for typical vector-shaped input data,

or convolution layers for three-dimensional image data. At the output of the encoder, a dense

layer with no activation is included to reduce the features to the domain dimensionality.

5.3.2 Decoder Module

The task of the decoder module is to reconstruct the input data using the output of the

encoder module. In the domain learning task, the decoder module is responsible for ensuring

that similar data samples are mapped closer together within the CS domain. The intuition

is that if two inputs x, x′ are similar, the decoder will require similar representations q,q′

in order to recover the original inputs x and x′. Structurally, the decoder module is built to

mirror the encoder module, with layers that expand the dimensions reduced by layers of the

encoder. To measure the quality of the reconstructed output x̂, we define the reconstruction

loss term ℓr as the mean squared difference between the input and reconstructed data,

ℓr(x, x̂) =
1

M

M∑
m=1

(xm − x̂m)2. (5.3)

5.3.3 Classifier Module

The classifier module is the key element of the domain learning architecture. This module

takes as inputs the encoded representation q and a list of prototypes {pj}Jj=1 that describe

the prototypical properties within the domain. First, the semantic distortion between q and

each prototype is computed, yielding a J × 1 vector d of distortion values. The semantic
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similarity is then computed for each of the distortion values, the result of which is another

J × 1 vector s. Finally, a softmax operation is performed on s to get a classification vector

ĉ, which is passed to the loss function. Note that the classifier module does not contain any

trainable layers.

This module addresses the scalability problem by allowing us to learn a domain with only

high-level property labels, rather than fine-grained coordinate labels which are more difficult

and costly to obtain. It acts as a maximum-similarity decoder mapping domain coordinates

to the property within the domain that is the most similar. As the properties basically

encode the difference in meanings between the input data samples, this module ensures

that the encoded representations are separated in the space according to their different

meanings. Furthermore, unlike a basic classifier network, the output classification is entirely

dependent on the similarity between the property prototypes and the domain representation.

This ensures that notions of semantic distortion and semantic similarity are well-represented

within the learned domain.

There are two loss terms associated with the classifier module. First, the classification

loss seeks to train the network to produce classification vectors ĉ which are close to the

true c representing the correct properties, which are one-hot encoded vectors. Categorical

cross-entropy is used for this loss term,

ℓc(c, ĉ) = −
J∑

j=1

cj log(ĉj). (5.4)

Second, we need to ensure that the distances between representations in the space are

reasonable, i.e., the similarities take on meaningful values. For example, in Figure 1, for

the c = 1 curve, any distortions greater than approximately 2.25 will yield a similarity of

essentially zero. Thus, we include a distortion-regularization term which penalizes large

distortions between an encoded representation and the prototypes of the properties to which

it does not belong. This ensures that the space does not “blow up” and that the regions
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remain relatively close together. We achieve this with the function

ℓd(d) =
1

J − 1

∑
j ̸=j∗

1

k1
dk2j , (5.5)

where j∗ denotes the index of the true property, and k1 and k2 are hyperparameters that

can be used to adjust the range of distortion values that are penalized.

5.3.4 Putting it Together: Domain Learning Algorithm

Combining equations (5.3)-(5.5), the loss function used to train the domain learning archi-

tecture is defined as

L(x, x̂, c, ĉ,d) = αℓr(x, x̂) + βℓc(c, ĉ) + λℓd(d) (5.6)

where α, β and λ are hyperparameters that can be tuned to balance the terms of the loss

function. This loss is used with backpropagation to tune the parameters of the encoder

and decoder while learning the domain. However, recall that computing d requires the set

of prototypes {pj}Jj=1, which are one of the aspects of the domain which we are trying to

learn and do not have a priori knowledge of at the start. Therefore, we propose an iterative

algorithm to learn both the dimensions of the domain and the property prototypes in a joint

manner; this algorithm is presented in Algorithm 1.

First, the number of batches M and batch size B used for training on each step of the

algorithm is set. Then the encoder and decoder are trained for one step with the parameter

β set to 0; this is equivalent to training a vanilla AE on MB samples of the input data with

some distortion regularization. For this first step, prototypes are set to the zero vector 0

to keep the AE-learned features centered at the origin. To initialize the prototype points,

M batches are then passed through the encoder to obtain MB encoded representations.

The representations that correspond to property j are then averaged to obtain the initial

prototype point for that property. With the initial properties set, the network is then trained

over another M batches using the full loss function, after which the prototypes are updated
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Algorithm 1 Domain Learning

Require: α, β, λ, µ,M,B, J, {pj}Jj=1 = 0
1: for each epoch i in {1, 2, . . . , E} do
2: for each batch m in M random batches do
3: if i is 1 then
4: L← 1

B

∑B
b=1 αℓr(xb, x̂b) + λℓd(db)

5: else
6: L← 1

B

∑B
b=1 αℓr(xb, x̂b) + βℓc(cb, ĉb) + λℓd(db)

7: end if
8: Perform batch update with backpropagation
9: end for
10: Encode MB random samples to obtain {q}
11: for each property j in {1,2,. . . ,J} do
12: qj ← mean({q : q possesses property j})
13: p

(i)
j ← qj if i = 1, else µp

(i−1)
j + (1− µ)qj

14: end for
15: end for
16: return Encoder, decoder and prototypes {pj}Jj=1

in the same manner that they were initialized, with the one difference that a parameter

µ ∈ [0, 1] is used to “mix” the old prototypes with the new ones. This process repeats for a

fixed number of epochs, denoted by E.

5.4 Experimental Results

We use image data in our experiments, as images contain semantics that are easy to interpret

and have well-established architectures for encoding and decoding. Note that the proposed

approach is not exclusive to images, and other modalities can be used with an appropriate

model architecture.

The architecture of the encoder and decoder is shown in Figure 5.3. The encoder uses

four convolutional layers, each followed by batch normalization and ReLU activation. The

first convolutional layer has F filters, a kernel size of 7 × 7 and a stride of 2, halving the

input dimensions. The second layer has F filters with a 5× 5 kernel and stride of one. The

third and fourth layers both use 2F filters with 3 × 3 kernels, while the third layer uses a

stride length of 2. The resulting tensor is reshaped to a single vector, which is then passed
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Figure 5.3: Architecture of the encoder and decoder used in the experiments.

through a dense layer with no activation to obtain the encoded domain representation. The

decoder is a mirror image of the encoder, using transposed convolutional layers to “undo”

the convolutional layers of the input. Experiments are performed using Tensorflow, and

the Adam optimizer with a learning rate of 0.0002 is used to train the networks. For each

experiment, the batch size B is set to 32, the number of batches M used to train each epoch

is 250, and the number of epochs is 75.1

5.4.1 Experiment 1: MNIST

We use the MNIST dataset as a starting point. The MNIST dataset contains 70,000 28x28x1

black-and-white images of handwritten digits from 0-9, split into 60,000 training images and

10,000 test images [136]. Thus, we have H = 28, W = 28, and C = 1. As the MNIST

dataset is relatively simple, we choose F = 16 for encoder/decoder filter parameter. For the

loss function hyperparameters, we choose α = 5, β = 1 and λ = 1 so that the three loss

terms take on a similar range of values during training. The prototype mixing parameter is

chosen to be µ = 0.75 to encourage smooth updates. For the scaling parameters in equation

5.5, we use k1 = 50 and k2 = 5.

We set the dimension of the encoded representations to N = 2. In addition to the domain

learning model, we also train a basic classifier (encoder only, with a single dense classifier

head layer) and a basic AE (encoder and decoder only). Figure 5.4 shows the learned feature

spaces for the three approaches. In Figure 5.4a, we see that the classifier learns to map the

different digits to distinct regions, but the semantic similarity is not captured, e.g., 4 and

1Code implementing the domain learning approach is available at https://github.com/dw-610/CSLearn.
See Appendix A for more details.
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(a) Basic classifier network.
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(b) Basic AE network.
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(c) Proposed approach.

Figure 5.4: The learned representations of the validation samples of the MNIST dataset for
(a) a basic classifier (b) a basic AE and (c) the proposed domain learning framework.

9 are very similar, but their regions are separated by 6 which is not similar to either. For

the AE features shown in Figure 5.4b, the similarity is captured, but the properties are not

distinct, e.g., 4, 7, and 9 are all mapped to approximately the same region of the space. In

Figure 5.4c, we see that similar properties are indeed mapped closer to each other (e.g., 4

and 9, and 3 and 5) and that each property has a distinct region within the space.

These results show that the proposed approach is able to satisfy R2 and R3. However, the

axes are not very interpretable. This is due to the nature of the input data; what numerically

quantifiable quality makes a 4 similar to a 9 but different than a 3? What is “in between” a

4 and a 6? In order to learn continuous dimensions about which the semantics of the data

vary, the data must share such a continuous quality.

5.4.2 Experiment 2: CelebA

Next, we utilize the CelebA dataset for domain learning. The dataset contains approximately

200,000 color images of celebrity faces [137], which we resize to 112x112x3. The labels contain

40 binary attribute annotations, such as male/female or “has blonde hair”/“does not have

blonde hair”. We select two attributes to form our property labels, namely, male/female and

smiling/not smiling, due to the attributes being evenly represented (in contrast to “has gray

hair”, which has far more negative samples than positive). In this experiment, we increase

the filter parameter to F = 32, set α = 1, β = 2, λ = 1, and µ = 0.75, while k1 and k2 are

the same.

Figure 5.5 shows the learned features of the “face” domain, where we again choose N = 2.
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Figure 5.5: The learned representations of the validation samples of the CelebA dataset, and
decoded representations at the edge of the domain. The domain encodes smiling/not smiling
primarily along the x-axis and female/male primarily along the y-axis.

We see that as in the case of MNIST, the model learns property regions that are both distinct

and accurately characterize the semantic similarity between properties. For example, the

center of the “female, not smiling” property region is closer to the centers of the “male, not

smiling” and “female, smiling” regions than that of the “male, smiling” region. This again

demonstrates how the proposed framework satisfies R2 and R3.

Further, the learned dimensions of the domain are indeed interpretable, satisfying R1. It

holds that moving from left to right on the x-axis corresponds to decreasing the amount of

smiling, regardless of male or female. Similarly, moving from the bottom up on the y-axis

corresponds to transitioning from female to male faces, regardless of whether the face is

smiling. This is seen on the border of Figure 5, which shows decoded representations at

the extreme points on edge of the domain. These images are generated directly from the

selected domain coordinates, i.e., no real images were used to create them. This illustrates

a powerful feature of the proposed AE-based framework, namely, that the decoder module

121



can be used to interpret the learned dimensions.

Finally, note that the encoded representations require far less bits as opposed to the raw

images themselves. As only two floating-point values are used to encode the semantics of the

images, only 2× 32 = 64 bits are required to convey the relevant meaning, rather than the

112× 112× 3× 8 = 301, 056 bits (before compression) required to transmit the raw image.

This corresponds to a rate reduction of over 99%, illustrating the gains that are possible

using SemCom.

5.5 Chapter Summary

In this chapter, we proposed a method for learning a domain of a CS model, to reduce the

reliance of SCCS on hand-crafted semantic models. The proposed framework is based on the

AE architecture, with an added property classifier module to provide semantic regularization

during training. We set out to show that the proposed method learns distinct property

regions that preserve semantic similarity relations, and that the learned dimensions of the

domain are interpretable. Experimental results confirmed that the framework is indeed

capable of meeting these requirements of CS learning.
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Chapter 6

Improved Learning and Causal

Reasoning for Semantic

Communication

As discussed in the previous chapter, one of the major challenges of the SCCS approach is

obtaining the CS itself. As a solution, we proposed an AE-based framework for learning

the domains of a CS [138]. Humans’ perception of meaning is often influenced by prior

knowledge/experience that is not effectively captured in [138]. In this chapter, we further

innovate on this framework by leveraging the VAE architecture [139] and Wasserstein dis-

tance from optimal transport (OT) theory to improve the quality of the learned domains

and allow for the inclusion of prior knowledge. Moreover, it has been suggested that causal

reasoning will be a key functionality of intelligent future SemCom systems [140]. To achieve

this higher level of intelligence, in this chapter we also integrate causal reasoning into our

SCCS framework for a goal-oriented SemCom scenario by way of a goal-oriented reasoning

module which learns causal relationships to transmit only the most relevant meanings to the

intended receiver in bandwidth-constrained scenarios.
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6.1 Related Work

In the previous chapter, we proposed a framework for learning the domains of a CS and dis-

cussed some related work. Additionally, causal reasoning has been proposed as a promising

technique for achieving this greater intelligence [118]. In the current literature, there has been

some recent interest in integrating reasoning into SemCom. Some of these works study con-

textual reasoning [141], reasoning with generative AI [142], reasoning over explicit/implicit

semantics [143], and reasoning about the relevance of image objects [144] for SemCom. How-

ever, all of these ignore the causal relationships among the data, the knowledge of which

is crucial for truly intelligent SemCom [140]. On the other hand, some reasoning-based

SemCom approaches do address the causal aspects of reasoning [145, 146], where the causal

relationships among the observed event variables (or system states) are regarded as the se-

mantics of the information. This approach is fundamentally different from the one proposed

in this chapter, where we use a CS to model the semantics of the observed data and then use

the causal relationships between these semantic variables and some task variables to improve

the communication process. To the best of our knowledge, this work presented here is the

first to leverage the causal relationships between explicitly-defined semantic variables and

downstream task variables to achieve higher-level intelligence in SemCom.

6.1.1 Chapter Contributions

In this chapter we innovate on the AE-based framework for learning the domains of a CS,

as well as propose a novel reasoning module which is integrated into the SemCom system in

order to leverage the benefits of causal reasoning for SCCS. Specifically, our contributions

include:

• Introduction of the VAE for learning the domains of the CS. In contrast to a basic AE,

use of the VAE results in a simpler training process through implicit regularization

and higher-quality representation spaces.

• The use of the p-Wasserstein distance function in the loss of the domain learning
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process. Utilizing this mapping, rather than a simple cross-entropy loss term, allows

for the incorporation of intuitive prior knowledge about the similarity structure of the

domain, resulting in learned semantic spaces that better reflect human knowledge.

• The addition of a causal reasoning module into the SCCS framework, termed SCCS-

R. This module imbues the system with a greater level of intelligence, allowing it to

reasoning over the ways in which its learned semantics affect the task at hand. This

greater intelligence is thus used to communicate more effectively and efficiently.

• Simulation of the proposed learning and reasoning frameworks on an image dataset, and

comparison to several baseline systems, including technical, effective, and end-to-end

semantic baselines. The simulations show that the SCCS-R system often outperforms

the baseline methods, achieving accuracy improvements of up to 40% on classifica-

tion tasks and demonstrating similar performance to more traditional communication

techniques with a 99.9% reduction in the communication rate.

6.2 Background

We begin by providing an overview of some important background information regarding the

concepts used throughout this chapter. Specifically, we provide some details on OT theory

and causal ML.

6.2.1 Optimal Transport Theory

OT theory centers around a problem with deep historical roots, and has recently reemerged

to offer useful solutions for many modern problems [147]. The solution of the OT problem

provides an optimal mapping between probability distributions, considering some ground

metric on the support set of these distributions which defines a cost of moving from one

point to another. OT applies to both continuous and discrete distributions; in what follows,

we focus only on the discrete case. The OT problem for two discrete distributions µ,ν in
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the probability simplex ∆N−1, the solution of which yields the Wasserstein p-distance W p
p

between these distributions, is defined as [148]

W p
p (µ,ν) = inf

T∈Π(µ,ν)
⟨T,C⟩, (6.1)

where C ∈ RN×N
+ is the cost matrix for which C[i, j] = δp(xi, xj) defines the cost to move

from the ith element to the jth element in the support set of the distributions. The set of

valid transport plans is defined as [148]

Π(µ,ν) = {T ∈ RN×N
+ : T1 = µ,TT1 = ν}, (6.2)

where 1 is the all-one vector. Efficient optimization of this problem is possible by way of

entropic regularization, which reformulates the problem as [148]

γW p
p (µ,ν) = inf

T∈Π(µ,ν)
⟨T,C⟩ − 1

γ
H(T), (6.3)

where

H(T) = −
N∑
i=1

N∑
j=1

tij log tij. (6.4)

Solving the OT problem (or the regularized approximation) and obtaining the Wasser-

stein p-distance provides a way of comparing two probability distributions. Optimizing for

the Wasserstein p-distance has been shown to result in representations that provide better

interpolations between classes and more interpretable spaces [149].

6.2.2 Causal Machine Learning

Causal methods are concerned with identifying the true causal effect of one variable on

another, in contrast to the correlation between the two. The divergence between causality

and correlation is due to the presence of confounding variables which produce a spurious

correlation between the variables of interest [150]. As a simple example, the number of
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shark attacks and ice cream sales might show a strong correlation, though it is clear that

buying ice cream does not cause one to be attacked by a shark. The confounding variable

in this case is the time of year, which affects both of the variables and creates a spurious

correlation between the two.

Causal relationships between variables in a data-generating process are often modeled

using a directed acyclic graph (DAG) G = {V , E}, where V is the set of nodes and E is

the set of directed edges [151]. Obtaining this graph (i.e., identifying the presence of causal

relationships) can be done either by utilizing background/expert knowledge about the data-

generating process or by using data-driven techniques known as causal discovery.

Given G, causal inference is the process of estimating the strength of the causal effect of

one variable on another. One way this effect is quantified is by the average treatment effect

(ATE). Suppose we have a binary treatment variable T ∈ {0, 1}. The ATE with respect to

some outcome variable Y ∈ R is defined as [151]

ATE =
1

N

N∑
i=1

Y 1
i − Y 0

i , (6.5)

where Y j
i denotes the value of the ith outcome under treatment T = j. Note that this

illustrates the fundamental problem of causal inference: we can never observe the outcome

of two mutually exclusive treatments at the same time [151]. However, given that some

assumptions are satisfied and that G possesses a certain structure, it is possible to accurately

estimate causal effects provided only observational data. For more details, the reader is

referred to [150, 151].

6.3 Improved Domain Learning

In this section, we focus on the problem of learning CS representations for SCCS. We describe

in detail two innovations of the AE-based domain learning framework presented in Chapter 5,

namely, the use of a VAE for improved and inherent regularization as well as the Wasserstein

p-distance for improved quality and incorporation of prior domain knowledge. These changes
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impact both the architecture (shown in Figure 5.2) and the loss function (given by (5.6)).

There are some drawbacks to this domain learning approach. First, the distance regular-

ization term ℓd, defined in (5.5), is a heuristic regularization term with its own hyperparam-

eters that must be tuned. These extra parameters further complicate the process of learning

a domain. Moreover, there are often times when we have some background knowledge re-

garding the similarity structure of the domain to be learned. For example, say we want to

learn a domain representing colors. We know intuitively that orange is more similar to red

than blue, and thus should be closer to the former than the latter in the learned space. In

the original framework, however, there is no way to include this valuable prior knowledge

into the learning process.

6.3.1 Variational Autoencoder

The VAE combines the well-known AE architecture from ML with the theoretically-rich

variational Bayesian approach to statistical inference [139]. The encoder model E of an AE

maps the input data x to some (typically lower-dimensional) encoded representation z. The

decoder model D takes z as its input and outputs an approximate reconstruction of the

original data x̂. The basic AE is represented mathematically as

x̂ = DΘ (EΦ(x)) , (6.6)

where Θ and Φ denote the parameters of the decoder and encoder, respectively.

In a VAE, the decoder is considered as a parametric model used to approximate the

distribution of the observed data conditioned on the latent variable pΘ(x | z). Conversely,

the encoder captures the conditional distribution of the latent variables on the observed

variables qΦ(z | x). The process of obtaining a prediction is given by

µz,σz = EΦ(x), sample z ∼ N (µz, diag(σ
2
z)), (6.7)

µx,σx = DΘ(z), sample x̂ ∼ N (µx, diag(σ
2
x)), (6.8)
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Figure 6.1: Proposed domain learning framework.

where N (µ, diag(σ2)) denotes a multivariate Gaussian distribution with mean µ and covari-

ance matrix diag(σ2). For training the VAE, one can maximize the evidence lower bound

(ELBO) [139]

ELBO(x, z) = EqΦ(z|x)[log pΘ(x | z)]− EqΦ(z|x)

[
log

qΦ(z | x)
p(z)

]
, (6.9)

where log denotes the natural logarithm and p(z) is the assumed prior latent distribution,

typically N (0, I).

The proposed VAE-based domain learning architecture is shown in Figure 6.1. We take

the semantic distance δ : D ×D → R+ within a domain D to be the Euclidean distance

δ(qi,qj) = ∥qi − qj∥2 =

√√√√ N∑
n=1

(
q
(n)
i − q

(n)
j

)
, (6.10)

and we take the semantic similarity function σ : R+ → (0, 1] to be defined as

σ(dij) = e−cd2ij , (6.11)

where dij is the semantic distance between two points qi and qj and c ∈ R+ is a tunable

hyperparameter. The goal of the encoder with parameters Φ in the VAE is to learn the

conditional distribution fΦ(q | x). We assume that this distribution takes the form of a
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multivariate Gaussian with independent elements N (µq, diag(σ
2
q)), where µq and σ2

q are

the mean and variance vectors, respectively. As such, instead of mapping directly to the

domain, the semantic encoder produces two vectors µq ∈ D and σq ∈ RN
+ to characterize

the distribution1. With these parameters in hand, a random sample q ∼ N (µq, diag(σ
2
q))

can be drawn to obtain the domain representation of the input x.

Similarly, the goal of the decoder is to learn the conditional distribution fΘ(x | q). Again,

we assume that this distribution is multivariate Gaussian, i.e., fΘ(x | q) = N (µx, diag(σ
2
x)).

Simplifying assumptions are typically made on the covariance values of this distribution [152],

and we will do the same when deriving the loss terms. Finally, to derive the loss function,

we need to assume a prior distribution f(q) on the domain representations q. Following

the standard approach [139], we take this prior to be the standard normal distribution

f(q) = N (0, I) where 0 is the all-zeros vector and I is the identity matrix.

We optimize the VAE by maximizing the ELBO (6.9) for the assumed distributions stated

above. Let Σx denote diag(σ2
x). Looking at the first term of (6.9), we have

EfΦ(q|x)[log fΘ(x | q)] = EfΦ(q|x)

[
log

(
1

(2π)M/2|Σx|1/2
e−

1
2
(x−µx)TΣ−1

x (x−µx)

)]
(6.12)

= EfΦ(q|x)

[
−M

2
log 2π − 1

2

M∑
i=1

log σ2
xi
− 1

2

M∑
i=1

(xi − µxi
)2

σ2
xi

]

= −1

2
EfΦ(q|x)

[
M∑
i=1

(
log 2π + log σ2

xi
+ (xi − µxi

)2/σ2
xi

)]
.

Given a batch of B samples of x and the µx,σx obtained by propagating these x through

the VAE, we can use a Monte Carlo approximation to estimate the expectation

EfΦ(q|x)[log fΘ(x | q)] ≈ −
1

2B

B∑
j=1

M∑
i=1

(
log 2π + log σ2

xi,j
+ (xi,j − µxi,j

)2/σ2
xi,j

)
, (6.13)

where x̂i,j denotes the ith element of the jth sample of x̂ obtained from the decoder.

Turning to the second term of (6.9), this is nothing more than the Kullback-Leibler

1Strictly speaking, the encoder is usually designed to output logσq to improve stability and simplify
computations.
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(KL) divergence between the conditional distribution fΦ(q | x) and the prior f(q). First

separating the log term in the expectation and then proceeding in a similar way as above,

we arrive at

EfΦ(z|x)

[
log

fΦ(q | x)
f(q)

]
=

1

2

N∑
k=1

(
µ2
qk
+ σ2

qk
− log σ2

qk
− 1
)

(6.14)

We can now combine (6.13) and (6.14) to obtain an approximation of the ELBO defined

in (6.9)

ELBO(x,q) ≈ −1

2

N∑
k=1

(
µ2
qk
+ σ2

qk
− log σ2

qk
− 1
)

(6.15)

− 1

2B

B∑
j=1

M∑
i=1

[
log 2π + log σ2

xi,j
+ (xi,j − µxi,j

)2/σ2
xi,j

]
.

As we want to maximize this expression using backpropagation, we first multiply by -1 to

transform it to a minimization problem. We can then drop the factor of 1/2 and the constant

terms, as they do not affect optimization. Finally, assuming that the loss is averaged over a

batch as is typically done when training ML models, we drop this explicit average from the

expression. We are then left with the loss function LV AE where

LV AE(x,µx,σx,µq,σq) =
M∑
i=1

(
log σ2

xi
+ (xi − µxi

)2/σ2
xi

)
+

N∑
k=1

(
µ2
qk
+ σ2

qk
− log σ2

qk

)
.

(6.16)

As a final step, we make the simplifying assumption that ∀i ∈ {1, 2, . . . ,M} we have

σxi
= σx and let x̂ = µx. Denote λ = σ2

x as a tunable hyperparameter. Dropping the

constant term and multiplying the whole expression by the constant λ, we have

LV AE(x, x̂,µq,σq) =
M∑
i=1

(xi − x̂i)2 + λ
N∑
k=1

(
µ2
qk
+ σ2

qk
− log σ2

qk

)
= ℓr(x, x̂) + λℓKL(µq,σq). (6.17)

This loss function provides the new reconstruction and regularization loss terms ℓr and
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ℓKL, respectively, for domain learning with the VAE. First, note that the reconstruction loss

is nothing more than a squared-error loss which is equivalent to the original reconstruction

loss term given by (5.3). Moreover, the regularization term ℓKL provides multiple advantages

over ℓd in (5.5). First, it is theoretically-grounded as representing the KL divergence between

the assumed prior for q and the conditional given x, whereas ℓd is an entirely heuristic

regularization with no theoretical justification. Second, recall that the term ℓd contains two

hyperparameters of its own, which need to be chosen and tuned based on the problem at

hand. This further complicates the training process, whereas ℓKL does not suffer from this

drawback. Overall, the improved loss function is more straightforward to implement and

provides greater control over the “shape” of the resulting domain through selection of the

prior.

6.3.2 Learning With Wasserstein Distance

To further innovate on the domain learning framework, we propose the use of the entropic-

regularized Wasserstein p-distance γW p
p defined in (6.3) as the loss term corresponding to the

classifier module. As shown in Figure 6.1, the classifier module outputs a vector ĉ ∈ ∆J−1,

obtained by taking the softmax operation on the similarity vector s ∈ [0, 1]J where [0, 1]J

denotes the unit hypercube in J dimensions. Thus, we can interpret ĉ as a probability

vector over the J properties, where a higher similarity sj relative to the other si,i ̸=j will yield

a higher probability ĉj. Given that the true labels c ∈ ∆J−1 are one-hot encoded vectors,

both ĉ and c represent discrete probability distributions, and we can solve (6.3) to obtain a

distance between the two2.

Solving (6.3) requires us to find a transport map T from ĉ to c (or equivalently, from c

to ĉ) given a cost matrix C, where C[i, j] = δp(xi, xj) and xi, xj are elements of the support

set for ĉ, c. The element C[i, j] captures the cost of “moving” probability mass from the ith

element in the support set to the jth element. As ĉ and c are defined over the set of properties

2Note that we require p ≥ 1 for Wp = p
√

W p
p to be a valid metric function [147], while γW p

p represents
a regularized approximation of the pth power of this distance function. The pth power is used to simplify
computations as it is monotonic on R+ for p > 0 and does not affect optimization.
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in the domain, xi and xj thus correspond to the properties indexed by i and j. Moreover, as

we have already defined the notion of a prototype point pj ∈ D corresponding to prototype

j and the semantic distance function δ, in our framework the costs can be naturally defined

as the semantic distances between property prototypes, i.e., C[i, j] = δp(pi,pj). The greater

the semantic distance between properties i and j, the higher the penalty will be for mapping

from i to j. Using an example of the color domain, given the correct cost structure, mistaking

red for blue in this domain will be penalized greater than mistaking red for orange. As a

key takeaway, leveraging the geometry of the CS model of meaning while optimizing the

Wasserstein p-distance allows us to assign interpretable costs between domain properties

when learning semantic representations.

As can be seen in (6.3), computing the regularized distance γW p
p involves solving an

optimization problem, and is thus not always straightforward. However, in a some cases

this optimization can be performed efficiently and incorporated into the standard super-

vised training algorithm of a DNN. One example from the continuous domain is when both

distributions are Gaussian and the ground metric is the Euclidean distance, for which a

closed-form expression of the Wasserstein distance exists [153]. In our case, the solution to

the regularized discrete OT problem can be found efficiently using the Sinkhorn-Knopp al-

gorithm [148]. Moreover, we can use Sinkhorn iterations to compute the gradients ∇ĉ(
γW p

p )

necessary for backpropagation [148]. This algorithm is given below in Algorithm 2, where

K = e−γC−1 and the exponential is performed element-wise.

Algorithm 2 Gradient of the Wasserstein loss [148, Alg. 1].

1: Given ĉ, c, γ,K

2: u← 1

3: while u has not converged do

4: u← ĉ⊘ (K(c⊘KTu))

5: end while

6: ∇ĉ(
γW p

p )← logu
γ − loguT 1

γJ 1
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6.3.3 Putting It Together

Letting γW p
p replace the classification loss ℓc in (5.6), the new loss function for the domain

learning framework is given by

L (x, x̂, c, ĉ,µq,σq) = αℓr(x, x̂) + β γW p
p (c, ĉ) + λℓKL(µq,σq), (6.18)

where ℓr and ℓKL are defined in (6.17), γW p
p is defined in (6.3), and α, β, λ are tunable

hyperparameters for balancing the loss function. As we are using Algorithm 2 to directly

compute the gradient ∇ĉL = β∇ĉ
γW p

p rather than the loss itself, we must do the same

with the other loss terms. For the reconstruction loss, we have

∇x̂ L = α∇x̂ ℓr = 2α(x̂− x), (6.19)

and

∇µq
L = λ∇µq

ℓKL = 2λµq, (6.20)

∇logσq L = λ∇logσq ℓKL = 2λ(e2 logσq − 1), (6.21)

where the encoder of the VAE is typically configured to output logσ, and thus we require

the gradient with respect to these outputs rather than the variable σq. With all gradients

in hand, we can optimize the model using backpropagation.

The full domain learning algorithm is given in Algorithm 3. The key idea is similar to

that of Algorithm 1, which is to perform iterative updates to learn the semantic encoder

model mapping raw data to the CS domain as well as the prototype points of the property

regions within the domain.
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Algorithm 3 Domain Learning with VAE and Wasserstein p-Distance

Require: α, β, λ, η,K,B, {pj}Jj=1 = 0

1: for each epoch i in {1, 2, . . . , E} do
2: for each batch K random batches do

3: if i is 1 then

4: ∇ĉ L ← 0

5: ∇x̂L , ∇µq
L , ∇logσqL ← from (6.19), (6.20), (6.21)

6: else

7: ∇ĉL = β∇ĉ
γW p

p ← from Algorithm 2

8: ∇x̂L , ∇µq
L , ∇logσqL ← from (6.19), (6.20), (6.21)

9: end if

10: Perform batch update with backpropagation

11: end for

12: Encode KB random samples to obtain {q}
13: for each property j in {1,2,. . . ,J} do
14: qj ← mean({q : q possesses property j})
15: p

(i)
j ← qj if i = 1, else ηp

(i−1)
j + (1− η)qj

16: end for

17: end for

18: return Encoder, decoder and prototypes {pj}Jj=1

6.4 Conceptual Semantic Communication with Causal

Reasoning

Reasoning can be defined as “to think in a connected or logical manner” [154]. Thus,

reasoning is envisioned as a key capability of future intelligent systems [140]. With regard to

our goal of improved SemCom, causal reasoning can enable a system to learn causal relations

in the data and perform intelligent decision-making given this causal knowledge. In this

paper, we aim to employ causal reasoning to answer the goal-oriented question: “Which

semantic qualities in z have the most causal influence on the current task?” Suppose a setup

in which the ultimate output of the SemCom system is some task variable(s) denoted by the

vector u ∈ RU , where U is the number of elements in the vector.

Given the SCCS framework for SemCom, we can immediately identify two examples

of valuable causal information. The first is information about the causal effects of the
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Figure 6.2: Block diagram of the proposed goal-oriented SCCS framework with reasoning

observed data x on the full CS semantic representations3 z, which would allow us to answer

questions such as “which variables in x caused the semantic representation z to take on a

certain property?” Second, suppose a goal-oriented setup in which the ultimate output of

the SemCom system is some task variable(s) denoted by the vector u ∈ RU , where U is the

number of elements in the vector. Then we can use causal knowledge between the semantic

and task variables to answer questions such as “which semantic qualities in z have the

most causal influence on the current task?” This knowledge can then be leveraged to make

intelligent decisions within the SCCS system. In this chapter, we focus on the goal-oriented

scenario.

An overview of our proposed approach to SCCS with reasoning (SCCS-R) is illustrated

in Figure 6.2. The key innovation in the SCCS-R system is the addition of the reasoning

module. This module leverages causal knowledge about the semantic and task variables to

improve task performance under communication constraints, such as bandwidth limitations.

This causal knowledge is obtained by performing causal discovery and inference on a dataset

to uncover the causal relationships between the semantic and task variables. In the rest of

this section, we describe in detail the reasoning module, the four-step process of obtaining

causal knowledge, and the semantic decoder module.

3Note that z denotes the representation over the entire CS, which is composed of multiple domains in
general. The vector z is formed by concatenating representations q from the individual domains of the CS.
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6.4.1 Reasoning Module

As shown in Figure 6.2, the reasoning module takes the output z of the semantic encoder(s)

and transforms it before it is sent over the channel to the receiver. Therefore, we can

generally represent the reasoning module as a function RE : Z → ZR mapping z ∈ Z to

some set ZR, i.e.,

RE(z) = zR, (6.22)

where zR is some transformed version of the original semantic representation z. This trans-

formation is performed using what we term the effect matrix, denoted by E, where the rows

correspond to the elements of z and the columns correspond to the elements of u, and the

element E[i, j] represents the causal effect of semantic variable zi on task variable uj.

This transformation is dependent on two factors, namely, the communication constraints

and the causal knowledge possessed by the reasoner. The communication constraints deter-

mine what transformation is performed. For example, given a maximum power constraint,

the reasoner might allocate more power to some elements of z than others. Likewise, given a

bandwidth constraint, the reasoner might choose to drop certain elements of z to reduce the

number of bits transmitted in a given message. The causal knowledge then determines how

this transformation is applied. This is done using what we term the effect matrix, denoted

by E, where the rows correspond to the elements of z and the columns correspond to the

elements of u, and the element E[i, j] represents the causal effect of semantic variable zi

on task variable uj. As the effect matrix represents the knowledge on which the reasoner

module acts, we include this matrix in the notation for the reasoner as

In what follows, we assume that the system is operating under a bandwidth constraint,

such that the reasoner must discard some values of z so that zR contains a maximum of L

values. Thus we have ZR ⊂ Z where ZR is formed by a subset of the quality dimensions in Z.

To transmit the most useful semantic information, we would like to convey the dimensions

that have the greatest causal effect on the task variables. We can determine these dimensions

by summing the absolute values of the rows of E to obtain the vector e ∈ RZ
+, whose elements
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are given by

ei =
U∑

j=1

|E[i, j]|, i = {1, 2, . . . , Z}, (6.23)

where Z denotes the total number of quality dimensions in the CS, and U denotes the number

of elements in u, i.e., the number of task variables. Moreover, denote the ordered elements

of e as
{
e(1), e(2), . . . , e(Z)

}
where e(1) denotes the maximum element of e and e(Z) denotes

the minimum, and define I (e(i)) as the function that maps the element e(i) to its original

index in e. Then the function RE will output a vector zR with elements

zRi = zI (e(i)), i = 1, 2, . . . , L. (6.24)

Now that the reasoning module has been defined, we proceed to the problem of learning

the causal effects, that is, determining the matrix E that is utilized by the reasoning module.

6.4.2 The Four Steps of Causal Inference

The process of estimating causal effects can be broken down into four primary steps [151].

In this subsection, we describe in detail the process for determining the causal effects that

constitute the effect matrix E. As our primary contribution is the application of this general

framework rather than any specific implementation, we will focus more on the general process

and provide only brief details for our chosen implementation that we use to illustrate and

experiment with this process. We emphasize that a number of techniques can be chosen for

each of the four steps based on the design requirements and available data.

Causal Discovery

As mentioned in section 6.2.2, causal relationships are often modeled using a DAG, denoted

by G = {V , E}, where V is the set of nodes and E is the set of directed edges between them

[151]. In this model, the nodes represent variables of the data-generating process and an

edge from node i to node j represents the fact that the ith variable has some causal influence

on the jth variable. The first step of estimating the strength of these influences is to identify
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which edges are present in the graph. This is the problem of causal discovery: given V and

some samples of the variables represented by V , estimate E . Many techniques for causal

discovery have been proposed in the literature, and for a recent survey we refer the reader

to [155].

There are two primary techniques for accomplishing this task. The first assumes that

we have access to some expert knowledge about the underlying data-generating process,

in which case we can leverage this knowledge to manually assign edges between nodes.

Alternatively, given a dataset {v}, where v is a vector denoting the values of the nodes in V ,

we can leverage data-driven techniques to identify causal connections in a more automated

fashion. Though this is a rather difficult problem, many techniques have been proposed in

the literature, including constraint-based [156], score-based [157], functional-based [158] and

gradient-based [159] methods. For a recent survey on causal discovery methods, we refer the

reader to [155].

In the context of SCCS-R, we need to determine the effect matrix E capturing the causal

effects of the semantic representation variables z on the task variables represented by u.

To begin, we assume that we have access to a dataset of samples of observed data and the

correspond task-related labels {x,u}. We train some semantic encoder(s) as described in

section 6.3 and obtain the semantic representations corresponding to the {x} to form the

new dataset {z,u}. We assume no “backward” causal connections, i.e., no elements u cause

any elements of z, formally, ∀ui ∈ u, zj ∈ z we have (ui, zj) /∈ E . Moreover, we assume that

no causal connections exist between quality dimensions belonging to the same domain, i.e.,

if zi ∈ Qi, zj ∈ Qj and Qi,Qj ∈ Dk for some Dk ∈ Z, then (zi, zj) /∈ E . To enforce these

assumptions, we require a causal discovery method that allows for the incorporation of prior

knowledge. In this work, we use the DirectLiNGAM algorithm [158]. This approach assumes

that the data are linearly related with some non-Gaussian additive noise. DirectLiNGAM

requires no algorithmic parameters and is guaranteed to converge to the true solution, given

that the data follows the model [158].

139



Estimand Identification

With an estimated DAG in hand, we can proceed to identify the causal estimand, which

describes the quantity that we will estimate to obtain the causal effect. Identifying the

estimand involves examining the structure of the causal graph to determine which variables

need to be controlled for when estimating the causal effect of one variable on another. We

do this by utilizing the framework of do-calculus, which uncovers all causal effects that can

be identified from a given graph [160]. Basically, do-calculus provides us with a way of

converting probabilities using the do operator to ordinary conditional probabilities that can

be estimated using any traditional techniques. For example, the causal effect rule is given

as

P (Y = y | do(X = x)) =
∑
z

P (Y = y | X = x, Pa = z)P (Pa = z) (6.25)

where X, Y, Z are variables used only for illustration in this example and Pa denotes the

parents of X in G. Using do-calculus, we can identify certain criteria that allow us to

estimate true causal effects. The back-door criterion aims to block spurious paths between

the treatment and outcome nodes [151, 160]. The front-door criterion allows us to obtain

an estimand in some cases where the back-door criterion is not met [151, 160]. If neither

of these criteria are met, the method of instrumental variables can sometimes be used to

estimate the causal effect [151, 161]. A detailed introduction to do-calculus is beyond the

scope of this work, and we refer the reader to [150, 160] for more details.

Effect Estimation

Once we have identified the estimand, we require a method to carry out the estimation of the

causal effect. This estimator can take several forms depending on the problem at hand and

the chosen method, from simple linear regression to complex ML approaches. To determine

the effect matrix E, we are interested in estimating the conditional average treatment effect

(CATE). For an outcome variable Y , binary treatment T and a set of related variables {X},
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the CATE is expressed as

CATE(X) = E[Y | T = 1, {X}]− E[Y | T = 0, {X}]. (6.26)

In (6.26), CATE(X) captures the effect that the treatment T has on the outcome Y . No-

tice that this formulation only makes sense for binary treatments. However, in our problem

of interest, the “treatments” z are continuous variables. Therefore, we use the double ma-

chine learning (DML) method [162], which is valid for continuous treatments and makes the

following structural assumptions on the data generating process:

Y = θ(X) · T + g(X,W ) + ϵ E[ϵ | X,W ] = 0 (6.27)

T = f(X,W ) + η E[η | X,W ] = 0 (6.28)

E[η · ϵ | X,W ] = 0, (6.29)

where W are the controls/confounders, X are the observable characteristics of the treated

samples, ϵ, η are noise variables, f, g are arbitrary functions and θ(X) denotes the CATE. Let

zw denote the controls/confounders identified in the previous step and zx be the remaining

CS variables. Then for the problem of estimating E[i, j], we have

uj = θij(zx) · zi + g(zx, zw) + ϵ E[ϵ | zx, zw] = 0 (6.30)

zi = f(zx, zw) + η E[η | zx, zw] = 0 (6.31)

E[η · ϵ | zx, zw] = 0. (6.32)

We can now fit two models to estimate the conditional expectations

h(zx, zw) = E[uj | zx, zw], f(zx, zw) = E[zi | zx, zw], (6.33)
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and obtain the residuals

u′j = uj − h(zx, zw), z′i = zi − f(zx, zw), (6.34)

which are related by

u′j = θij(zx) · z′i + ϵ. (6.35)

Finally, we need to solve

θ̂ = argmin
θ∈Θ

E
[
(u′j − θ(zx) · z′i)2

]
, (6.36)

and we can then average to obtain the effect

E[i, j] =
1

|{zx}|
∑

zx∈{zx}

θ(zx), (6.37)

where |{zx}| is the number of samples in the dataset. The DML approach is versatile, as we

can fit any arbitrary model to estimate the functions f, h, and θ [162].

Refutation

The final step in the causal inference process is to validate the obtained estimates with

refutation tests. These tests alter either the causal model/graph or the data to achieve

this goal. Some examples of altering the model include adding a placebo treatment, a

dummy outcome, or a simulated outcome [163]. Alternatively, one could add “unobserved”

confounders for which we know the overall effect should not change the estimated effect, such

as a random common cause [163]. When altering the data, one option is to re-estimate the

effect on many subsets of the original dataset, as this should also produce the same effect

[163].

After obtaining the effect matrix E, we perform random subset and random common

cause refutation tests [163] on the estimated effects. For the random subset test, each effect

E[i, j] is re-estimated using the same DML technique on a subset of the data samples. The
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average of the newly estimated effects is then taken and compared to the original estimate to

check for significant deviation. For the random common cause test, an independent variable

is added to the model as a common cause of both zi and uj. This variable is included as

a confounder in the identified estimand, and the estimate is re-computed and compared to

check for significant deviation.

6.4.3 The Semantic Decoder

With the effect matrix E and the reasoning module RE in place, the final piece of the

communication chain is the semantic decoder, shown in Figure 6.2. After the semantic

representation z has been transformed to zR, it is transmitted over the communication

channel, after which ẑR is recovered at the receiver. The job of the semantic decoder is to

map the recovered representation ẑR to an estimate û of the true task variable u.

We propose the use of a DNN model to handle the task of the semantic decoder. The pro-

posed architecture is shown in Figure 6.3. This network consists of multiple fully-connected

layers that are optimized to learn the mapping from ẑR to u. The size and activation function

of the output layer are both dependent of the type of task, e.g., softmax activation could be

used for a multiclass-classification task. One notable aspect of this model is the requirement

of handling missing values. The transmitted ẑR is generally a subset of the values in ẑ. We

assume that information about which elements are included in zR is reliably transmitted,

e.g., the dropped values are transmitted as null values or a packet header is included with

this information. As we would like the decoder to be able to handle representations with

any number of missing elements, we add a custom layer to the front of the semantic decoder

which maps missing values to a scalar parameter whose value is learned throughout training.

To train the semantic decoder, data is generated using the original dataset {z,u}. First,

elements of z are randomly dropped, i.e., without the use of RE, to obtain a new dataset

{zR,u}. Training with randomly-dropped elements is done for two reasons. First, this allows

the decoder to recognize dropped values and learn to ignore them. Second, this ensures that

the decoder is learning to perform the task solely based on the semantic representation,

143



Masking 

layer

Output 

layerneurons

dense layers of

Figure 6.3: Semantic decoder architecture.

i.e., it does not learn any task-related information from the decisions of the reasoner. The

final dataset for training the decoder is then obtained by simulating the transmission of zR

through a communication channel, resulting in data-label pairs {ẑR,u}. The decoder is then

trained in a supervised fashion using backpropagation.

6.5 Experimental Results

In this section we perform experiments to evaluate the merit of the proposed methods.

Specifically, we take the case of goal-oriented SemCom of images. We carry out the full

workflow of learning the domains for SCCS and building out the SCCS-R system. Finally, we

simulate SCCS-R system in a wireless communication scenario and compare the performance

to that of some baseline methods4.

6.5.1 Setup

In these experiments we use the German Traffic Sign Recognition Benchmark [164], which is

a dataset containing over 50,000 real-world color images of 43 different German traffic signs.

Our overall objective is to utilize the proposed SCCS-R system for goal-oriented SemCom

of this image data. To this end, we define several simple classification tasks to be performed

at the receiver: shape classification (with classes triangle, square, octagon, and circle), color

classification (with classes red, blue, yellow, and black), and a binary classification task to

4Full project code and instructions for running the experiments, from downloading the data to generating
the final results, is open and available at https://github.com/dw-610/concept-learning-and-causal-reasoning.
See Appendix A for more details.
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determine whether the image depicts a speed limit sign or not. The first two tasks correspond

directly to two domains in the learned CS, and thus provide instances in which we have a

reasonable idea of the true causal structure of the data with which we can compare. The

third task does not possess this simple correspondence to the learned domains and represents

a more realistic scenario. We resize each of the images in the dataset to 64x64x3 and divide

the data into three sets. We use the original training set of 39,209 images for learning the

domains, and we randomly split the original test set into a set of 10,000 images for performing

the causal learning tasks and leave 2,630 images for testing.

Additionally, we simulate three baselines with which we compare our proposed approach:

• Technical baseline: We simulate a traditional communication system operating at the

“technical” level, in which the full image is transmitted to the receiver. At the receiver,

a classifier model is implemented to perform the corresponding task.

• Effective baseline: We also simulate a purely goal-oriented communication system,

thus operating at the “effective” level of communication. This system implements a

classifier model at the transmitter and sends the decision directly to the receiver.

• End-to-end semantic baseline: To compare to another popular approach to SemCom,

we implement a system in which models at both the transmitter and receiver are jointly

trained to carry out the tasks described above. The encoder model at the transmitter

is trained to map the image directly to symbols which are transmitted over the channel,

and the decoder model at the receiver is trained to map the received symbols to the

predicted class.

For the proposed system and each of the baselines, we simulate a wireless communica-

tion scenario. The physical operations of the baseband digital communication system are

simulated according to the IEEE 802.11 standard [134]. Moreover, we make use of both

the AWGN and Rayleigh fading channel models. Simulation of the digital communication

system is performed in Python5.

5These simulation tools are open-source can be accessed at https://github.com/dw-610/digital-comm-
tools.
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6.5.2 Domain Learning on Traffic Signs

We first implement the proposed domain learning technique to learn the CS for the traffic

sign dataset. We aim to learn three domains for this data: the shape domain, the color

domain, and the symbol domain. We define the following properties for the shape domain:

triangle, square, octagon, circle. Similarly, we define properties for the color domain: red,

blue, yellow, black. Each sign corresponds to a unique property in the symbol domain

(except for two signs that are blank with no symbol). Shape and color are two key features

that distinguish different kinds of traffic signs, but sometimes different signs will share the

same shape and color. Hence, we include the symbol domain to capture these differences in

meaning.

We utilize Algorithm 3 to learn the domains of the CS. For each domain, the encoder

model of the VAE takes the form of a CNN with five convolutional layers having 16, 32,

64, 128, and 256 filters, respectively. Each layer uses a 3x3 kernel size and a stride length

of 2. The decoder model of the VAE is built as a mirror image to the encoder. For the

hyperparameters in Algorithm 3, we use α = 0.5/(64 · 64 · 3), β = 2.0, λ = 0.1/N , and

η = 0.75. We train over 200 epochs, learning over 200 batches of size 64 each epoch. We

apply a cosine decay learning rate schedule to the Adam optimizer, with an initial rate of

0.0001 increasing to 0.001 after 40 epochs, and decaying to 0 over the next 160 epochs. The

parameters for the p-Wasserstein loss were chosen to be p = 1.0 and γ = 2.0. We choose the

dimensionality N of the shape, color, and symbol domains as 2, 3, and 15, respectively.

As discussed in section 6.3.2, choosing the cost matrix C is a crucial step in setting up the

domain learning process. For the shape and color domains, it is easy to design this matrix

based on relative similarities (e.g., a triangle is closer to a square than a circle). However, for

the symbol domain this is not as straightforward. To address this challenge, we define the

cost matrix by first creating text descriptions of each sign’s symbol and using SBERT [165]

to produce embeddings for these descriptions, and then use the pairwise Euclidean distances

between these embeddings to define C. These descriptions can be found in the accompanying

code repository. We omit the cost matrix corresponding to the symbol domain for the sake
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of brevity, and list these matrices for the shape and color domains in (6.38) and (6.39).

Cshape =



triangle square octagon circle

triangle 0.0 0.8 1.6 2.0

square 0.8 0.0 0.8 1.2

octagon 1.6 0.8 0.0 0.4

circle 2.0 1.2 0.4 0.0


(6.38)

Ccolor =



red blue yellow black

red 0.0 1.0 0.5 0.75

blue 1.0 0.0 1.5 0.75

yellow 0.5 1.5 0.0 0.75

black 0.75 0.75 0.75 0.0


(6.39)

We provide here some results of learning the shape domain, as the 2D representations

allow for intuitive visualization. The scatter plot of the encoded representations for the test

set is shown in Figure 6.4. We can see that the learned domain partitions the space into

distinct regions corresponding to each property and that the inherent regularization of the

VAE loss keeps the features relatively centered about the origin. Moreover, the specified

similarity structure is seen in the learned domain. This is even more clear when looking

at the heatmap for the similarities between the learned property prototype points, shown

in Figure 6.5, which clearly shows that the specified cost structure has enforced our prior

understanding of the semantic similarities between these properties. We observed similar

results for the color and symbol domains.

To begin to understand what the quality dimensions of this domain represent, we use the

decoder to generate images from representations taken along the axes of the domain; these

results are shown in Figure 6.6. We can see that the first dimension captures the different

shapes nicely; moving from left to right (negative to positive values), we observe the images

changing from a circle, to an octagon, to a square, and finally to a triangle. The second
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Figure 6.6: Visualized dimensions of the shape domain, obtained by decoding semantic
representations along the axes. The top row of images corresponds to the first quality
dimension and the bottom row to the second dimension.

dimension is not quite as interpretable, as this axis seems to lie “between” the properties

(see Figure 6.4). Further insights into the meaning of this dimension could be found by

decoding additional “slices” along this axis in the domain space. Overall, we see that the

proposed domain learning technique learns meaningful representations of the input data and

successfully preserves the specified similarity structure of the properties.

6.5.3 Reasoning for Improved Communication

The first step in building out the SCCS-R system is to estimate the causal effect matrix E.

This is done following the methods outlined in Section 6.4.2 using open-source implementa-

tions, namely the LiNGAM [158] (causal discovery), DoWhy [166] (estimand identification,

refutation), and EconML [167] (effect estimation) Python packages. As an example, we first

perform these steps using only the representations from the shape and color domains for

the shape prediction task. Doing so, we end up with the causal effect matrix and absolute-

summed vector

E =



triangle square octagon circle

shape1 0.33 − −0.99 −0.34

shape2 0.17 −0.02 0.01 −

color1 0.05 −0.01 − −0.05

color2 0.18 −0.11 − 0.04

color3 −0.01 −0.03 −0.001 −


, e =



1.664

0.204

0.107

0.329

0.036


, (6.40)
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where a dash indicates that no causal relationship was identified in the causal discovery

step. We see that the largest causal effect is found for the first dimension of the shape

domain, which matches our observations from the previous section. Moreover, note that the

dimension with the second-largest influence is found to be the second dimension of the color

domain. Notice that it was found to have the greatest effect on the second class (square).

In addition to being the only square sign in the dataset, this class is also the only yellow

sign in the dataset, and thus it is reasonable that a significant causal effect on this variable

might be found with regard to a color dimension.

Next, we train the semantic decoder model and the models used in the baseline systems.

For the semantic decoder, we useNL = 4 layers ofNN = 32 neurons. This model is trained for

100 epochs with a constant learning rate of 0.001 and batch size of 64 on a dataset generated

according to the process described in section 6.4.3. For the baseline models, a basic image

classifier was trained for each task using an identical architecture and training schedule as

the semantic encoder described in section 6.5.2. The only difference in this model is that

in every convolutional layer, it uses three times the filters as the semantic encoder model,

to balance the fact that three semantic encoders are used in the SCCS-R system. Likewise,

an encoder with triple the parameters is jointly trained with decoder models corresponding

to each task for the end-to-end semantic baseline, again with an identical training schedule

and parameters.

We first compare the SCCS-R system to a similar system that performs random mod-

ifications to the semantic representations (i.e., does not employ reasoning to make these

decisions) to show the effect of the reasoning module in the proposed system. These results

are shown Figure 6.7 for the AWGN channel with BPSK modulation, when the transmitted

message is constrained to different lengths. We immediately see that the system with reason-

ing outperforms the system with random modifications at all message lengths for mid and

high SNR values, confirming the benefit of including reasoning. In Figure 6.7a, we see that

at message length 1, the system with reasoning nearly matches the system without reason-

ing using a message length of 4. This again matches previous results, as the first dimension

of the shape domain contained nearly all the information needed to accurately classify the
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Figure 6.7: Task accuracy vs. SNR with and without reasoning.

shapes. We also see that at low SNR values, the random system seems to outperform the

system with reasoning. This is likely due to the fact that, when SNR is low, the reasoning

system sends badly corrupted versions of the “important” information, thus causing errors.

The random system, on the other hand, is likely to send unimportant information, for which

the corruption caused by the channel is not a significant factor. In this case, the decoder

may make a random guess which could still be correct.

Next we compare the proposed approach to the baseline systems for the AWGN channel

with BPSK modulation, where the messages are constrained to a length of two semantic

values for the shape and color tasks, and a length of 10 for the speed limit sign task. These

results are shown in Figure 6.8. We see that the SCCS-R system consistently performs well,

both in low and high SNR scenarios, and for all tasks. The performance of the end-to-end

system seems to be limited for the shape task for high SNR values compared to the other

systems, likely due to the joint training process prioritizing the other tasks. The SCCS-

R system does not share this limitation, as the decoders are trained separately from the

encoder, allowing for individual training and more focused performance on each task. The

technical baseline shows similar performance to the proposed system, however, this system

sends over 6000 times as many bits for each inference by transmitting the entire 64x64x3

image made of up of 8-bit pixels, while the SCCS-R system sends only two 8-bit semantic

values. We also see that the performance of the effective baseline drops of significantly in

the low SNR domain, as compared to the proposed approach.

Finally, we provide similar results for the Rayleigh fading channel with 16-QAM modu-
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(b) Color classification task
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Figure 6.8: Task accuracy vs. SNR for the proposed and baseline systems for the AWGN
channel with BPSK modulation.

lation on the shape classification task, where the message length is again constrained to two

semantic values (16 bits) for the SCCS-R system with the effective and end-to-end baselines

also sending 16 bits per transmission. The results are shown in Figure 6.9. We observe

largely the same results as in the AWGN scenario with the exception of the end-to-end

baseline, which seems to exhibit improved performance in the low SNR domain with further

limitations to the performance in the high SNR domain. As entirely new models must be

trained for the end-to-end system when simulating the new channel, the random nature of

the training process is likely the reason for these differences. This retraining is not neces-

sary for our proposed approach, as it can operate on top of any traditional communication

components without modifying the existing infrastructure. The performance limitation of

the end-to-end system in favorable conditions is again a drawback to this approach, while

the SCCS-R system does not suffer this same effect.

6.6 Chapter Summary

In this chapter we presented two main innovations for SCCS. The first was the use of the

VAE and the p-Wasserstein distance for learning the domains of the CS. The use of the VAE

as opposed to the basic AE allows for a probability theory-based implicit regularization

of the learned domain, while incorporating the Wasserstein distance into the loss function

allows the designer to specify prior knowledge about the similarity structure of the CS. The

second innovation is the introduction of causal reasoning into the SCCS system, dubbed
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Figure 6.9: Shape classification accuracy vs SNR for the proposed (message length = 2) and
baseline systems (Rayleigh fading, 16-QAM modulation).

SCCS-R, in which the estimated causal relationships between semantic and task variables

are utilized to communicate more intelligently and efficiently. The problems of learning and

reasoning over the semantics of data are great challenges to overcome in the development

of intelligent SemCom systems, and the methods expounded here represent significant steps

toward realizing these systems.
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Chapter 7

Semantic Rate Distortion Theory

Despite the strong enthusiasm and research activity surrounding SemCom, a major challenge

remains: the lack of a general theory for SemCom, similar to classical information theory for

traditional communication [168]. In this chapter, we aim to partly fill this gap by presenting a

theoretical upper bound on the rate distortion function for a general model of a goal-oriented

SemCom system, as well as numerical results for a simulated practical system inspired by

this theory.

7.1 Related Work

Most studies related to SemCom have focused on developing ML models for achieving Sem-

Com, while fewer have studied the theoretical aspects [168]. Similar to the work in this

chapter, Liu et al. study the rate distortion problem for SemCom [169]. Their model in-

cludes an unobservable semantic source and corresponding distortion measure for which they

derive the achievable region. Stavrou and Kountouris assume a similar model of SemCom

and derive new bounds on the rate distortion function in a goal-oriented setting [170], as

well as study the effect of multiple goal-oriented distortion criteria [171]. Achievability in

each of these prior works is defined as satisfying both semantic and syntactic distortion cri-

teria, whereas we only focus on goal-oriented achievability in this letter. Most other works
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concerning semantic rate distortion assume a significantly different model than the one as-

sumed in this work, or take a more empirical approach of optimizing a neural network with a

rate distortion-inspired loss function. More details on recent developments in semantic rate

distortion can be found in a recent survey [168].

7.2 Chapter Contributions

In this chapter, we study the problem of goal-oriented rate distortion for SemCom. Differing

from related work, we assume a model in which the encoder maps observed data to some

semantic/conceptual space which is then encoded in the classical sense and used at the

receiver to perform some task. In summary, the primary contributions include the following:

• Introduction of the novel notion of distortion discrepancy as a measure by which to

characterize a goal-oriented SemCom system.

• Derivation of an upper bound on the rate distortion function for the defined semantic-

functional system, which hinges on the semantic distortion threshold and asymptotic

distortion discrepancy.

• Numerical experiments highlighting the performance of a practical “minimum discrep-

ancy” code, achieving optimal performance with respect to the expected distortion in

certain scenarios and demonstrating up to 54.9% performance gain as compared to a

naive scheme.

7.3 Problem Definition

The system model is illustrated in Figure 7.1. We consider a source generating sequences

of independent and identically distributed (i.i.d.) symbols {Xi}ni=1 where Xi ∼ p(x) for

x in some discrete alphabet X . Define the goal (or task) of communication as a function

f : X → U where U is a discrete alphabet of task symbols u ∈ U with corresponding

bounded distortion function d(u, û) : U × U → R+ mapping task variable pairs to the set
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Figure 7.1: Flowchart of a (2nR, n) semantic-functional code.

of non-negative real numbers. For n-sequences of symbols Xn = {Xi}ni=1, the task function

operates on a symbol-by-symbol basis such that Un = {f(Xi)}ni=1. Moreover, define the

task-specific distortion df : X × U → R+ induced by f , where df (X, Û) = d(f(X), Û). For

sequences, we define

df (X
n, Ûn) =

1

n

n∑
i=1

df (Xi, Ûi). (7.1)

We define a semantic-functional code (SFC) with rate R as four encoding/decoding

functions. First, the semantic encoder es : X n → Zn maps a sequence of source symbols

to a sequence of semantic representations from a discrete set Z. The technical encoder

et : Zn → {1, 2, . . . , 2nR} maps the sequence Zn to one of 2nR distinct codewords, and the

technical decoder gt : {1, 2, . . . , 2nR} → Ẑn takes this codeword to a sequence of approxi-

mate semantic representations Ẑn. Finally, the semantic decoder gs : Ẑn → Un maps the

approximate semantic representation to a sequence of task variables Ûn.

In addition to the functional distortion df , we can also consider a semantic distortion

function δ : Z × Ẑ → R+ mapping pairs of true and recovered semantic representations to

some (bounded) positive value. Similar to df , for sequences we define the semantic distortion

as

δ(Zn, Ẑn) =
1

n

n∑
i=1

δ(Zi, Ẑi). (7.2)

We assume that each semantic representation Z is a M -dimensional vector lying in some

semantic space Z ⊂ RM . This space is presumed to represent the meaning of the data, as in

a CS model presented in [31]. This space is continuous in general, while the sets Z, Ẑ ⊂ Z
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are discrete, and thus we can interpret these sets as discretized versions of the CS, each

containing |X | and 2nR points, respectively.

As our primary objective is to perform some task defined as the function f , we define the

distortion of a (2nR, n) SFC as the expected value of the functional distortion, defined as

DF = E
[
df (X

n, Ûn)
]
, (7.3)

where the expectation is with respect to the source sequence Xn. A rate distortion pair

(R,DF ) is said to be achievable if there exists a sequence of (2nR, n) SFCs with

lim
n→∞

E[df (X
n, Ûn)] ≤ DF . (7.4)

The rate distortion region is then defined as the closure of the set of achievable rate distortion

pairs (R,DF ), and the rate distortion function RF (DF ) is defined as the infimum of rates R

such that (R,DF ) is in the rate distortion region.

7.4 Supporting Results

In this section, we provide some results necessary for the proof of our main theorem. First,

we briefly restate the achievability theorem from classical rate distortion theory; for more

details see [7]. Consider an i.i.d. source X as defined above, as well as a bounded distortion

function d : X × X̂ → R+ with sequence distortion defined as the mean distortion, similar

to the definitions above. Define a (2nR, n) rate distortion code as consisting of the encoding

function e : X n → {1, 2, . . . , 2nR} and the decoding function g : {1, 2, . . . , 2nR} → X̂ n. A

rate distortion pair (R,D) is said to be achievable if there exists a sequence of (2nR, n) codes

with

lim
n→∞

E
[
dX(X

n, X̂n)
]
≤ D, (7.5)

and define the rate distortion function R(D) as the infimum of rates R such that (R,D) is

achievable.
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Theorem 4 (Classical rate distortion [7]). The rate distortion function for an i.i.d. source

X with distribution p(X) and bounded distortion function d(x, x̂) is given by

R(D) = min
p(x̂|x):

∑
(x,x̂) p(x)p(x̂|x)d(x,x̂)≤D

I(X; X̂) (7.6)

Proof. See chapter 10 of [7]. ■

In relation to the notion of SemCom, this result states that the minimum rate at which one

can communicate given an acceptable level of technical distortion is equal to the information

rate distortion function for a given source. Next, we provide an asymptotic result regarding

the average sequence distortion.

Lemma 3 (Asymptotic sequence distortion). For an i.i.d. source X with a bounded distor-

tion function d(X, X̂) where X̂ = h(X) for some deterministic function h, we have

lim
n→∞

E
[
d(Xn, X̂n)

]
= E

[
d(X, X̂)

]
. (7.7)

Proof. Since X̂ is a deterministic function of X, we can simplify the notation and call

d(X, X̂) = d(X). Then,

lim
n→∞

EXn [d(Xn)] = lim
n→∞

1

n
EXn

[
n∑

i=1

d(Xi)

]
. (7.8)

Now let d be a random vector whose elements are the i.i.d. random variables {d(Xi)}ni=1.

Then we have

lim
n→∞

1

n
EXn

[
n∑

i=1

d(Xi)

]
= lim

n→∞

1

n
EXn [1⊺d] (7.9)

= lim
n→∞

1

n
1⊺EXn [d] (7.10)

= lim
n→∞

1

n

n∑
i=1

EX [d(X)] (7.11)

= EX [d(X)]. (7.12)
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■

We now define the notion of distortion discrepancy ∆ as

∆ = E

[(
df (X

n, Ûn)− δ(Zn, Ẑn)
)2]

, (7.13)

where df , δ are as defined in the previous section and the expectation is over Xn. The

discrepancy quantifies how much the semantic and functional distortion measures differ on

average for a sequence length n. Intuitively, this can be thought of as how well differences in

meaning (semantic distortion) capture differences in the current task (functional distortion)

and vice versa. The last result of this section looks at asymptotic discrepancy.

Lemma 4 (Asymptotic distortion discrepancy). For ∆ defined in (7.13), the limit as n→∞

is given by

lim
n→∞

∆ =
(
E
[
df (X, Û)− δ(Z, Ẑ)

])2
. (7.14)

Proof. By definition, we have

lim
n→∞

∆ = lim
n→∞

EXn

[(
df (X

n, Ûn)− δ(Zn, Ẑn)
)2]

(7.15)

= lim
n→∞

EXn

( 1

n

n∑
i=1

df (Xi, Ûi)− δ(Zi, Ẑi)

)2
 . (7.16)

We make use of the Dominated Convergence Theorem (DCT) [172] to show that we can take

the limit inside the expectation. First, define the sequence of random variables {Yn}∞n=1 with

Yn =

(
1

n

n∑
i=1

df (Xi, Ûi)− δ(Zi, Ẑi)

)2

. (7.17)

We need to show that 1) there exists a function that bounds each term Yn in the sequence,

and 2) the sequence converges.

Dominated. By assumption, df and δ are both bounded. Call the greater of these two

bounds C, which is finite. Since both terms are positive, the difference of the two is also
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bounded by C, and the average of any {df − δ} terms is also bounded by C. The square will

then be bounded by C2, which is a constant universal bound for every term in the sequence.

Convergent. As n → ∞, the average inside the square converges by the Weak Law of

Large Numbers (WLLN) to

EX [df (X, Û)− δ(Z, Ẑ)], (7.18)

which is guaranteed to exist as df and δ are both bounded. As the square function is a

continuous function for all real numbers, this implies that the sequence {Yn} converges to

(
EX [df (X, Û)− δ(Z, Ẑ)]

)2
. (7.19)

Thus, by the DCT, we can take the limit inside of the expectation and (7.16) becomes

EXn

 lim
n→∞

(
1

n

n∑
i=1

df (Xi, Ûi)− δ(Zi, Ẑi)

)2
 . (7.20)

Applying the WLLN once more, we have

lim
n→∞

∆ = EXn

[(
EX [df (X, Û)− δ(Z, Ẑ)]

)2]
, (7.21)

and as the inner expectation is non-random, we have the result:

lim
n→∞

∆ =
(
E
[
df (X, Û)− δ(Z, Ẑ)

])2
. (7.22)

■

7.5 Semantic-Functional Rate Distortion

We now present our main result as an upper bound on the semantic-functional rate distortion

function.

Theorem 5 (Semantic-Functional Rate Distortion). Given any semantic encoder es, choose

160



R for a sequence of (2nR, n) semantic-functional codes according to (7.6) in Theorem 4 for the

semantic “source” Z = es(X) and semantic distortion threshold DS. Then for ∆ defined in

(7.13), the rate distortion pair (R,DS+
√
limn→∞∆) is achievable. Thus, choosing functional

distortion threshold DF = DS +
√
limn→∞∆, we have an upper bound on the semantic rate

distortion function

RF (DF ) ≤ R. (7.23)

Proof. From the definition of discrepancy in (7.13):

∆ = EXn

[(
df (X

n, Ûn)− δ(Zn, Ẑn)
)2]

. (7.24)

Taking the limit and applying Lemma 4, we have

lim
n→∞

∆ =
(
E
[
df (X, Û)− δ(Z, Ẑ)

])2
. (7.25)

Rearranging, we get

E[df (X, Û)] = E[δ(Z, Ẑ)] +
√

lim
n→∞

∆ (7.26)

Now applying Lemma 3, we can write

lim
n→∞

E[df (X
n, Ûn)] = lim

n→∞
E[δ(Zn, Ẑn)] +

√
lim
n→∞

∆. (7.27)

By Theorem 4, we know that there exists a sequence of technical codes {et, gt} with minimal

rate R = R(DS) for which the asymptotic semantic distortion limn→∞E[δ(Z, Ẑ)] is upper

bounded by DS. Fixing these codes, (7.27) becomes

lim
n→∞

E
[
df (X

n, Ûn)
]
≤ DS +

√
lim
n→∞

∆. (7.28)

This implies that the rate pair (R,DF ) with

DF = DS +
√

lim
n→∞

∆ (7.29)

161



is achievable, and thus R is an upper bound for RF (DF ). ■

7.6 Numerical Results

In this section we perform numerical experiments to illustrate the practical implications of

the theoretical results1. We simulate an SFC by first fixing the semantic encoder es. For the

purposes of simulation, we sample an M -dimensional vector Zi with i.i.d. N (0, 1) elements

and assign this semantic representation to the source symbol Xi.

For the technical code {et, gt} with rate R, we implement Lloyd’s algorithm to find a set

Ẑ of 2nR semantic codewords (also M -dimensional vectors) that minimize the expected se-

mantic distortion (Euclidean distance in RM) for the representation set Z with corresponding

distribution p(z). We then implement three different semantic decoders:

• Minimum-∆ (∆min) decoder : chooses the mapping gs which minimizes the distortion

discrepancy ∆ for the source X ∼ p(x) and coding functions {es, et, gt}. Only requires

indirect knowledge the of task and distortion in the form of the discrepancy function.

• Naive decoder : randomly selects a mapping gs from semantic codewords Ẑ to task

variables Û .

• Oracle decoder : assumes full knowledge of df and chooses the gs which minimizes this

distortion for the source X ∼ p(x) and coding functions {es, et, gt}.

Monte Carlo simulations were performed to estimate E[δ], E[∆] and E[df ] for different

parameter values. The results are shown in Table 7.1. Functional distortion values df are

chosen randomly for each (x, û) pair and are fixed across all experiments. The first data

row illustrates the “base” case, and we see that the ∆min code performs close to the oracle

code, with only a 3% increase in E[df ]. Meanwhile, the ∆min code shows a 51.8% decrease

in E[df ] relative to the naive code.

1The numerical simulations were implemented using Python, and all project code can be found at
https://github.com/dw-610/semantic-rate-dist-code. See Appendix A for more details.
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Table 7.1: Simulation results for various parameter combinations. Dashes indicate that the
value is the same as for the base case.

Parameters Mininum-∆ gs Naive gs Oracle gs

|X | p(x) M |U| n R E[δ] E[∆] E[df (X
n, Ûn)] E[∆] E[df (X

n, Ûn)] E[∆] E[df (X
n, Ûn)]

12 u 2 4 1 3 0.081 0.049 0.239 0.258 0.496 0.054 0.232

24 - - 8 - - 0.379 0.032 0.395 0.141 0.510 0.135 0.220

- - 4 - - - 0.463 0.101 0.432 0.247 0.492 0.405 0.232

- - 4 - - 4 0.000 0.043 0.169 0.193 0.375 0.043 0.169

- - 4 - - 1 1.408 1.151 0.540 1.368 0.501 1.384 0.380

- - - - 3 - 0.081 0.033 0.236 0.201 0.496 0.033 0.232

- r - - - - 0.080 0.090 0.305 0.232 0.489 0.091 0.307

We draw out additional insights by altering the base case. By increasing |X | to 24 and

increasing |U| to 8, we see that the ∆min code now performs considerably worse than the

oracle code, with a 79.5% increase in E[df ]. This is due to the fact that E[δ] is significantly

higher in this case (over 300% greater than the base setup), due to the increased compression

of the source. Since δ values are larger, to minimize ∆, the ∆min decoder must map to Û

symbols with large df values, leading to an increase in expected distortion. However, it still

outperforms the naive code, with a 22.5% decrease in E[df ].

This behavior is also highlighted in the cases where M = 4, as a higher-dimensional

CS leads to increased semantic distances. When R = 1 (single-bit compression), semantic

distortion increases over 1600% compared to the base scenario, resulting in a 42% greater

expected distortion for the ∆min code compared to the oracle. However, when R = 4, the

codebook can perfectly describe the original semantic representations and E[δ] goes to 0.

This results in identical performance for the ∆min and oracle codes, with the naive code

still performing significantly worse. This illustrates that, generally, as the average semantic

distortion decreases, the minimum-discrepancy code will converge to the optimal code.

Two additional scenarios are shown in the last two rows of Table 7.1. First, when n = 3,

we see that the performance is similar to that of the base case, and thus the ∆min code

also performs well with increasing block length. For all of the previous results, a uniform

distribution p(x) = 1/|X | was assumed. The final row of Table 7.1 shows the results for a

distribution chosen at random. We see that the performance remains comparable to that of

the oracle system.
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7.7 Chapter Summary

In this chapter, we provided a new perspective on the problem of goal-oriented semantic rate

distortion, and derived an upper bound on the rate distortion function based on the novel

notion of distortion discrepancy. Numerical experiments with a practical scheme based on

the theoretical results demonstrated performance close to the optimal coding scheme given

certain configurations.
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Chapter 8

Conclusion and Directions for Future

Work

In this dissertation, we have presented, for the first time, a method of SemCom based on the

theory of CSs, termed SCCS. The proposed method aims to overcome some of the limitations

of current approaches by modeling meaning in a general, expressive, and interpretable man-

ner. In this concluding chapter, we summarize the work presented in the previous chapters

and discuss some promising directions for future work.

8.1 Summary

Chapter 1 motivated the need for SemCom and outlined the primary contributions of this dis-

sertation. In Chapter 2, we provided a survey of literature related to SemCom and discussed

the primary existing approaches to modeling meaning. This survey exposed some of the key

limitations of the existing approaches. In Chapter 3, we presented a preliminary investiga-

tion into an alternative way of modeling meaning and the corresponding SemCom system

leveraging this method, termed semantic communication with conceptual spaces. Simulation

results from this initial investigation demonstrated the potential of the SCCS framework,

and thus in Chapter 4 we studied this approach in far more detail. We formally defined
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components of the system, derived semantic performance bounds given the SCCS frame-

work, and conducted more extensive simulations which further confirmed the potential of

the proposed framework and revealed additional insights. In Chapter 5, we addressed one

of the primary challenges facing the SCCS approach by presenting an AE-based learning

architecture for obtaining the domains of a CS. This architecture was improved in Chapter

6, in which we additionally proposed a causal reasoning-based mechanism for equipping the

SCCS system with improved intelligence regarding the task at hand. Finally, in Chapter 7,

we investigated the theoretical implications of a goal-oriented SCCS framework and derived

an upper bound on the goal-oriented semantic rate distortion function. Numerical simula-

tions of a practical coding scheme based on this theory indicated nearly optimal performance

under certain parameter configurations.

8.2 Directions for Future Work

There are several interesting ways in which this work can be extended. Some promising

directions include:

• Practical implementations. The developments presented throughout this dissertation

remain purely theoretical, with practical results being demonstrated via simulations.

An interesting and important engineering problem is to begin to translate these the-

oretical developments into real-world practical systems which can be implemented in

future communications systems to truly reap the benefits of SemCom.

• Studying the effect of mismatched knowledge bases. There are multiple ways in which

one CS can differ from another. The concept regions could be slightly different from

one another, or perhaps the entire conceptual space might be rotated or translated.

In this work we focused on the case where the transmitter and receiver share an iden-

tical knowledge base, which in general may not be true. A potential solution for this

challenge is to employ context-based transformations as described in Section 4.5.2.

• Improved CS learning. The domain learning techniques presented in Chapters 5 and 6
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only learn a single domain of the space at a time, where it would be beneficial to be

able to learn the entire CS with one model/framework. Additionally, improving this

conceptual learning framework could have a far-reaching impact beyond the field of

SemCom, with the potential to translate into a method for training higher-intelligence

artificial models that truly understand semantics.

• Alternative causal reasoning formulations. With regard to the causal reasoning ap-

proach presented in Chapter 6, in addition to reasoning over the causal relationships

between semantic and task variables, another interesting approach is to reason over the

causal relationships between the raw, observed data and the semantic variables to ex-

tract even greater insights. This could lead to a causally-aware “semantic pre-coding”

where the unimportant raw data is discarded before being passed to the semantic

encoder for improved efficiency.

• Further theoretical investigations. In Chapter 7, only an upper bound was presented,

where it would clearly be beneficial to fully characterize the rate distortion function.

Moreover, it would be interesting to further explore the relationship between the se-

mantic distortion, functional distortion, and distortion discrepancy, with the potential

to uncover efficient goal-oriented semantic coding schemes for future communications.
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Appendix A

Code Repositories

This appendix contains information regarding code repositories that were developed for

experiments discussed throughout this dissertation.

A.1 CSLearn

A Python package was developed to carry out the AE-based domain learning framework de-

scribed in Chapters 5 and 6. This package is called CSLearn, and can be found in this GitHub

repository: https://github.com/dw-610/CSLearn. Key features of the CSLearn package in-

clude:

• A simple high-level interface for training domain learning models on image data, as

well as basic classifier and AE models for comparison.

• Various evaluation routines to examine the result of the domain learning algorithm.

• Options for training with the advanced VAE architecture with Wasserstein loss.

• Thorough in-code documentation for all modules in the CSLearn package.
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A.2 Chapter 6 Experiment Code

The experiments in Chapter 6 testing the advanced domain learning framework and causal

reasoning mechanism were conducted using Python code, including the CSLearn package

mentioned above. All code as well as step-by-step instructions for reproducing the experi-

ments can be found in this GitHub repository: https://github.com/dw-610/concept-learning-

and-causal-reasoning. The repository includes scripts which do the following:

• Download and prepare the raw data used in the experiments.

• Implement the CSLearn package to learn the domains for the acquired data.

• Create the datasets and carry out the methods for causal learning.

• Train the semantic decoder and baseline models.

• Perform wireless simulations comparing SCCS-R to the baseline systems.

A.3 Chapter 7 Experiment Code

The numerical simulations detailed in Chapter 7 were also implemented in Python. The code

can be found in the following GitHub repository: https://github.com/dw-610/semantic-rate-

dist-code. The simulations are performed by running the script simulate.py. This script does

the following:

• Creates the encoder/decoder functions for the naive, oracle, and minimum-discrepancy

codes.

• Samples input symbols from the source alphabet and repeats a specified number of

Monte Carlo trials for each coding scheme.

• Reports approximate expected values for the functional distortion, semantic distortion,

and distortion discrepancy for the three schemes.
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