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ABSTRACT

DIGITAL SEMANTIC COMMUNICATION METHODS
FOR TEXT

Tuna Ozate@
M.S. in Electrical and Electronics Engineering
Advisor: Aykut Kog
June 2025

Semantic communication, a paradigm concentrating on correctly transmitting
underlying semantic information instead of bit sequences, has proved effective.
Deep learning (DL) enabled methods are mainly used with basic natural lan-
guage processing (NLP) techniques for the semantic communication of text. How-
ever, most previous DL-enabled semantic communication systems use continuous-
valued channel vectors incompatible with existing digital modulation-based sys-
tems and binary channels. First, to address this issue, we propose Sememe-based
Semantic Communications (SememeSC), a semantic communication paradigm
that utilizes a fundamental concept from linguistics, sememes. We design a se-
mantic source encoding-decoding strategy based on linguistics and DL, combined
with conventional communication algorithms. We provide experimental results
verifying that the proposed SememeSC performs superior to baselines in additive
white Gaussian noise (AWGN) and Rayleigh fading channels. Second, we ex-
tend DL-based joint source-channel coding architecture to binary channels with
insertions, deletions, and substitutions (IDS). We propose a novel three-stage
training algorithm combining gated recurrent unit (GRU) networks for marker de-
tection, transformer-based semantic communication for continuous latent space,
and lookup-free quantization for binarized latent space optimization. The pro-
posed DeepJSOC is the first to integrate DL-based error correction networks into
joint-source channel coding schemes for binary channels with synchronization er-
rors. We demonstrate the effectiveness of DeepJSOC by numerical experiments,
achieving significant improvements over existing methods in text transmission

over IDS channels.

Keywords: semantic communication, joint source-channel coding, IDS channel,
deep learning, sememe, natural language processing (NLP), text.
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OZET

METIN ICIN SAYISAL SEMANTIK ILETISIM
YONTEMLERI

Tuna Ozate@
Elektrik ve Elektronik Miihendisligi, Yiksek Lisans
Tez Danigmani: Aykut Kog
Haziran 2025

Semantik iletigim, bit dizileri yerine altinda yatan semantik bilgilerin dogru bir
sekilde iletilmesine odaklanan bir paradigma olup, etkinligini kanitlamigtir. De-
rin 6grenme (DL) tabanh yontemler, metnin semantik iletigimi i¢in genellikle
temel dogal dil isleme (DDI) teknikleriyle birlikte kullamlmaktadir. Ancak,
onceki birgok derin 6grenme (DL) tabanh semantik iletigim sistemi, mevcut diji-
tal modiilasyon tabanli sistemlerle ve ikili kanallarla uyumsuz olan siirekli degerli
kanal vektorlerini kullanmaktadir. Tk olarak, bu sorunu ¢ozmek icin, dilbilimdeki
temel bir kavram olan sememeleri kullanan Sememe-tabanli Semantik Iletisim
(SememeSC) adli bir semantik iletigim paradigmasi éneriyoruz. Dilbilim ve derin
ogrenme (DL) tabanli, geleneksel iletigim algoritmalariyla birlegsen bir semantik
kaynak kodlama-cozme stratejisi tasarhyoruz. Onerilen SememeSC'nin, toplanir
beyaz Gauss giirtiltiisi (AWGN) ve Rayleigh soniimlemesi kanallarinda temel
yontemlere kiyasla iistiin performans sergiledigini dogrulayan deneysel sonuglar
sunuyoruz. Ikinci olarak, derin égrenme (DL) tabanli birlesik kaynak-kanal kod-
lama mimarisini, eklemeler, silmeler ve yer degigtirmeler (IDS) igeren ikili kanal-
lara genisletiyoruz. Isaretci tespiti i¢in kapal gecitli tekrarlayan iinite (GRU)
aglarini, stirekli gizli uzay icin dontigtiirtici tabanlh semantik iletigimi ve ikili hale
getirilmis gizli uzay optimizasyonu i¢in aramasiz nicemlemeyi birlestiren yenilik¢i
{ic asamali bir egitim algoritmasi 6neriyoruz. Onerilen DeepJSOC, senkroniza-
syon hatalar: igeren ikili kanallar i¢in birlegik kaynak-kanal kodlama semalarina
DL tabanli hata diizeltme aglarin1 entegre eden ilk yaklagimdir. DeepJSOC’un
etkinligini, IDS kanallar1 iizerinden metin iletimi konusunda mevcut yontemlere

gore 6nemli iyilegtirmeler elde eden sayisal deneylerle gosteriyoruz.

Anahtar sozcikler: semantik iletisim, birlegik kaynak-kanal kodlama, IDS kanali,
derin Ggrenme, sememe, Dogal Dil Isleme (DDI), metin.

v



Acknowledgement

This work is supported by the Scientific and Technological Research Council of
Turkey (TUBfTAK), Directorate of Science Fellowships and Grant Programmes
(BfDEB ), through the 2210-A National MSc Scholarship Program.

This work is also supported by Tirk Telekominikasyon A.S. through the 5G
and Beyond Joint Graduate Support Program coordinated by the Information and

Communication Technologies Authority.

I would like to express my deepest gratitude to my supervisor, Dr. Aykut Kog,
for his invaluable guidance, support, and encouragement throughout the course
of my research. His insight and expertise have been instrumental in shaping this
thesis, and I am truly grateful for the opportunity to learn under his mentorship.
I would also like to thank all the members of our lab for creating a supportive

and stimulating research environment throughout my studies.

I am deeply grateful to my family, including my mother, my father, and my
brother, for their unwavering support and encouragement throughout my aca-
demic journey. A special thank you to my brother, Dr. Mert Ozates, whose tech-
nical guidance and constant companionship have been a source of great strength

and motivation for me throughout both my BS and MS studies.

I would like to thank my friends at Bilkent, especially Enes Kog¢ and Ilter
Onat Korkmaz, with whom I have shared countless memories and experiences
since our undergraduate years, supporting each other throughout the challenging
yet rewarding journey of both our BS and MS studies. 1 would also like to thank
Uras Kargi for his collaboration and contributions as my co-author in our joint

work.

Lastly, I would like to express my heartfelt gratitude to my girlfriend, Doga
Yilmaz, for her love, patience, and understanding throughout the course of my
studies. Her constant support and encouragement have been invaluable, and I

am deeply thankful for her presence by my side during this journey.

v



Contents

Disclaimer
1 Introduction

2 Related Work
2.1 Analog Semantic Communication Methods . . . . . . .. ... ..

2.2 Digital Semantic Communication Methods . . . . . . . .. .. ..

3 Sememe-Based Semantic Communications!
3.1 Primer on Sememes . . . . . ... ...
3.2 Proposed SememeSC . . . . .. .. ... L
3.2.1 The Symbol Extractor . . . ... ... ... ... .....
3.2.2  The Communication Block . . . . . ... ... .. ... ..
3.2.3 The Symbol Decoder . . . . . . ... .. ... ... ....

3.3 Experiments and Results . . . . . ... ... ... ... ......

vi



CONTENTS vii

3.3.1 Experimental Setup and Baselines . . . . . ... ... ... 20
3.3.2 Numerical Results . . .. ... ... ... ... ...... 22
3.3.3  Qualitative Examples . . . . . . ... ..o 24

4 Semantic Communication over Channels with Insertions, Dele-

tions and Substitutions? 26
4.1 Proposed DeepJSOC? . . . . . . . ... ... ... ... 27
4.2 Experiments and Results . . . . .. . . ... ... 0L, 31

5 Discussion and Conclusion 37



List of Figures

3.1

3.2

3.3

4.1

4.2

4.3

Overview of the proposed SememeSC. . . . . . . . ... ... ...

An example of symbol extraction and reconstruction of a sentence

without a communication channel. . . . . . . . .. . . . ... ...

Comparison of methods. (a) METEOR on AWGN channel, (b)
BERT similarity on AWGN channel, (¢) METEOR on Rayleigh
fading channel, (d) BERT similarity on Rayleigh fading channel. .

Overview of the proposed DeepJSOC. . . . . . . . ... ... ...

(a)-(e) BLEU-1 for pg € [0,0.03]: ps = 0.02 for the 24-bit, and ps =
0.03 for the 36-bit settings. (b)-(f) BERT similarity for p; € [0,0.03]:
ps = 0.02 for the 24-bit, and ps; = 0.03 for the 36-bit settings. (c)-(g)
BLEU-1 for p; = 0.01 and ps € [0,0.06] for both 24-bit and 36-bit
settings. (d)-(h) BERT similarity for p; = 0.01 and ps € [0,0.06] for
both 24-bit and 36-bit settings. . . . . . . . . ..o

Ablation study results. . . . . . ... ... oL

viil

23

36



List of Tables

3.1 Qualitative Results. Both positive and negative examples are pro-
vided. . . ..

4.1 System and Network Parameters . . . . ... ... ... .. ...

1X



Disclaimer

This thesis is a cumulative work built upon a series of papers previously published
by the author. Although each paper is self-contained, this thesis weaves them
together into a cohesive narrative, integrating their findings and discussions to
provide a comprehensive overview of the research. Any overlapping material has
been properly cited. The original research and results presented here have been

presented in the following publications:

e T. Ozates, U. Kargi and A. Koc, “Sememe-Based Semantic Communica-
tions,” in IEEE Communications Letters, vol. 28, no. 10, pp. 2308-2312,
Oct. 2024. [1]

e T. Ozates and A. Koc, “Semantic Communication Over Channels With
Insertions, Deletions, and Substitutions,” in IEEE Communications Letters,
vol. 29, no. 3, pp. 586-590, March 2025. [2]



Chapter 1

Introduction

Modern communication systems are built on Shannon’s work on information the-
ory [3]. Shannon has set the goal of a communication system as the correct
transmission of bits or symbols to receivers. This approach ignores the intrinsic
meaning of messages. Weaver extended Shannon’s theory and divided the com-
munication problem into three levels: technical, semantic, and effectiveness [4].
However, work on communication systems mostly dealt with problems at the
technical level for a long time, following Shannon’s assumption. Although this
paradigm led to constant improvement in the field, it suffers from a fundamen-
tal constraint called channel capacity, which limits the maximum rate of infor-
mation that can be transmitted through a channel at a specific signal-to-noise
ratio (SNR). Advanced channel coding techniques such as Turbo [5], low-density-
parity-check (LDPC) [6], and polar codes [7] have managed to approach this
capacity. However, with the growing amount of data and energy consumption
over wireless networks, channel capacity became a serious limitation, and an al-
ternative view in communication system design became necessary. To this end,
researchers have started to work on problems at a semantic level, in addition to
a technical level [8-11]. As a result, a new paradigm called semantic communi-
cations, which concentrates on the correct transmission of meaning of messages
rather than minimization of bit errors, has emerged [12]. Semantic communi-

cation systems mainly aim to transmit the essential information related to the



message rather than transmitting the message itself in its entirety.

A significant problem to solve at the semantic level is “How to define the
meaning behind the bits?” according to Weaver [4]. There were already some
attempts in the pre-deep learning (DL) era towards answering this question [8].
With the rise of DL, powerful feature extraction techniques have emerged, which
lead to the rapid development of semantic communications [13], [14]. DL’s sig-
nificant success in computer vision and natural language processing (NLP) fields
has also motivated transferring these methods to the semantic communications
area. As a result, DL-based semantic communications systems are proposed for

transmission of text [14-17], images [18-24], video [25,26], and speech [27-31].

Conventional communication systems perform the source coding and channel
coding separately. This approach is desirable in practical systems due to more
straightforward implementation. However, to utilize the automated feature ex-
traction ability of neural networks (NN), pure DL-based semantic communication
systems perform source and channel coding jointly [14,32]. Most such systems
can be viewed as an autoencoder with a latent space affected by channel condi-
tions. Although these systems achieve very robust results in low SNR regimes
with less symbol usage, there are problems with their practical implementations.
They require the transmission of continuous values over channels rather than bits,
which makes them incompatible with established structures designed for digital
transmission. Another disadvantage of pure DL-based semantic communication
systems is that they require analog modulation or an infinite constellation space,
which is expensive to implement. There are also attempts to design intelligent
communication systems for text transmission that are also compatible with exist-
ing digital communication algorithms by utilizing knowledge graphs (KGs) [33],
quantization [34], and context [35]. However, combining linguistic features and
NLP tools in semantic communication systems with conventional communica-
tion techniques has yet to be deeply explored. Various concepts, techniques, and
tools in traditional NLP exist, waiting to be leveraged in the area of semantic

communications.

Another shortcoming of existing joint-source channel coding (JSCC) systems is



the requirement of differentiable channel models such as additive white Gaussian
noise and Rayleigh fading channels. Most of the work in this direction ignores
the binary-input channels, which are not differentiable. A significant class of bi-
nary input channels are prone to synchronization errors, which can be modeled
as insertion-deletion-substitution (IDS) channels. These types of channels occur
in many scenarios like wireless communications [36,37], file synchronization [38],
bit-patterned media [39], racetrack memories [40], and DNA storage [41]. Syn-
chronization errors are hard to deal with since an undetected deletion or insertion
in the input sequence results in the wrong transmission of the rest of the input
sequence. It should be noted that deletion is different from erasure in binary
erasure channels (BEC) since in BEC, the receiver is notified about transmission,
and no synchronization error occurs. Usually, reliable communication over IDS
channels is ensured by inserting a pre-defined marker sequence as inner code [42],
and this sequence is then detected using the Bahl-Cocke-Jelinek-Raviv (BCJR)
algorithm to combat synchronization errors [43]. In addition to marker code, a
common channel code such as low-density parity-check (LDPC) [6] or Polar [7]
is used as an outer code for error correction [43]. Alternatively, [44] proposed a
redundant residue number system-based error correction scheme. Recently, [45]
and [46] proposed DL models for detecting marker codes. Furthermore, [47] ap-
plied a binarized version of joint-source-channel-coding architecture on deletion
channels but failed to combat synchronization errors. Although a plethora of
work is dedicated to reliable communication over IDS channels, to our knowl-
edge, no work in the literature studies DL-enabled semantic communication over

these channels.

Motivated by the shortcomings of existing semantic communication systems
described above, this thesis proposes two novel textual semantic communica-
tion systems. The first study introduces a novel semantic source encoding and
decoding strategy that is compatible with existing source-channel coding and
digital modulation algorithms. The second study extends the transformer-based
end-to-end textual semantic communication systems to channels with insertions,

deletions and substitutions.

This thesis is based on the two published journal articles: “Sememe-Based
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Semantic Communications” [1] and “Semantic Communication Over Channels
With Insertions, Deletions, and Substitutions” [2], which present the outcomes

of the research conducted during the M.Sc. studies.

In the first study included in this thesis, we introduced a fundamental concept
from linguistics, sememes, which are the smallest indivisible semantic units of
natural languages [48,49]. While words are the smallest elements of language,
they can still be semantically decomposed. Linguists advocate that it is possible
to express all words in a language by combinations of sememes [50]. For example,
the word winter can be considered a combination of season and cold, whereas
the word wind can be divided into meanings of air and movement. In these
examples, season, cold, air, and movement are considered as sememes. Words
winter and wind are annotated by a combination of those sememes. In a sense, we
can make an analogy with chemistry and say that sememes resemble the elements
in the periodic table. Sememes are limited in number, and we can compress the
language and reconstruct words with a well-constructed sememe knowledge base
(SKB) [50]. SKBs are knowledge bases that keep a set of sememes for every
sense of every word in a language, in a dictionary format [51]. Expressing words
in terms of combinations of sememes is essential for interpreting the intrinsic
semantics of a word. Extracting the underlying meanings of words and utilizing
them in communications is an essential step towards answering Weaver’s question
about “defining the meaning behind bits” [4]. In this study, we introduce sememe-
based semantic communications (SememeSC), a novel semantic source encoding
and decoding strategy to enhance text transmission in traditional communication
systems. The proposed SememeSC uses sememes as the central semantic unit for
source encoding. The main idea behind expressing words as a combination of
sememes is to divide the semantic content and to map semantically similar words

to similar bits to tackle errors in communication channels.

In the second study included in this thesis, we introduce deep joint source-
outer channel coding (DeepJSOC), an end-to-end semantic communication ar-
chitecture for IDS channels. We propose a three-stage training algorithm for the
architecture: First, we train a gated recurrent unit (GRU) based marker detection

network as in [46]. Second, we train a transformer-based semantic communication
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system with continuous latent space. Lastly, we binarize the latent space of the
transformer using lookup-free quantization (LFQ) [52], integrate a pre-trained
error corrector into the system, and jointly optimize the end-to-end system using

a transfer learning approach.

The rest of this thesis is organized as follows: Chapter 2 reviews the literature
in detail. Chapter 3 and Chapter 4 present the architecture and experimental
results of SememeSC and DeepJSOC, respectively. We conclude the thesis with

the discussion in Chapter 5.



Chapter 2

Related Work

Weaver first discusses the semantic aspect of communication [4]. Challenges in
defining the meaning behind bits and defining appropriate metrics for seman-
tic distortion made researchers leave this level of communication problems aside
for a long time. Instead, they built systems on reliable transmission of bits.
After several decades, this concept is revisited in [8], where a model based on
logical probabilities is proposed for semantic data compression and reliable se-
mantic communication. [53] extended this probabilistic approach and proposed a
Bayesian game-based text transmission model that utilizes the meanings of words
in source encoding. Although these models initiate an interest in the problem,
the real source behind the accelerated development of semantic communication
systems became DL [13,14,54]. Since semantic communication systems aim to
extract important features for the task to be performed in the receiver, feature
extraction capabilities of DL methods align with their design [9]. The task in
the receiver can either be a reconstruction of the message fully (or with some
loss) at the receiver or a downstream task that does not require the recovery
of the message [55]. The paradigm that aims to transmit only related informa-
tion for downstream tasks is called task-oriented semantic communications [56].
These tasks include image restoration [57], image classification [58,59], question
answering [60], visual question answering [61,62], image retrieval [61], machine

translation [61], time-series classification [63], text classification [64-66], textual



similarity [65], and linguistic acceptability [65]. Since we proposed methods for
reconstructing textual information in the receiver, further details of the task-
oriented paradigm are out of our scope, and we will concentrate on the systems
that aim to reconstruct input messages. In the rest of this chapter, we will mainly
divide these methods into end-to-end DL-based methods that transmit contin-
uous channel vectors (analog) and methods compatible with digital modulation
and binary-input channels, explaining them in two parts. In each part, we will
concentrate on the methods designed for text and mention examples from image

counterparts only briefly.

2.1 Analog Semantic Communication Methods

The concept of designing an end-to-end communication system as a neural net-
work was first introduced in [67], where an autoencoder structure is used. Channel
effects are applied to the bottleneck of the autoencoder. This structure is source-
ignorant, and the semantic aspect of the messages is neglected. It is shown that
an autoencoder can learn to perform communication at the level of some channel
coding and digital modulation techniques in terms of bit accuracy. The first model
that uses this concept for the text semantic communication task is JSCC [13],
which performs the joint source-channel coding of text with long short-term mem-
ory (LSTM) networks. Different from [67], the channel requires the transmission

of continuous values instead of bits in this framework.

When JSCC was proposed, using LSTM’s was the standard practice for text
modeling. Shortly after, transformer networks have become state-of-the-art for
NLP tasks [68]. Based on these models, one of the most influential models for DL-
based semantic communications for text, DeepSC, is proposed in [14]. It consists
of a transformer-based transmitter and receiver. Such a structure achieved reli-
able text communication over AWGN and Rayleigh fading channels in a very low
SNR regime with few symbols per word. In addition to providing a model, [14]
also utilized pre-trained language models to evaluate communication performance

for the first time. As DeepSC uses a fixed network, a need emerged to make it
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more adaptive for different communication scenarios. In [15], a universal trans-
former is adopted to solve this issue. To combat the semantic noise caused by
ambiguities, [16] utilized adversarial training in a transformer-based network.
Since transformer models have substantial sizes, [69] proposed a framework to
achieve similar performance with much fewer parameters. While previous mod-
els optimized networks with cross-entropy loss, methods are evaluated based on
BERT [70] similarity. To solve this inconsistency, [71] incorporated semantic
similarity to the model training objective to ensure semantic fidelity. To enhance
the reliability of external knowledge, [72] incorporated emotion information into
the model, and [73] used prior knowledge from a KG to improve the decoding
capability of the receiver. [74] extended the single-user design of DeepSC to a
multi-user case. [75] utilized generative pre-trained transformer models to replace
missed or corrupted tokens. [76] is the first work to extend these methods for

better resource allocation in text transmission.

In addition to methods for text, there is a plethora of important work for
the semantic communication of images that relies on an end-to-end design. The
success of the convolutional neural networks (CNN) in vision tasks motivated
the first joint source-channel coding model for images to be designed based on
CNNs [32]. Generative adversarial networks’ capabilities are also transferred to
semantic communication systems in [77]. [78] further improved on this approach
by adopting and combining an RL-based semantic bit allocation model with a
GAN-based semantic decoder. Pre-trained GANs are utilized in [79] and [80]
exploited the image generation capability of diffusion models to accomplish the
same task. [81] implemented the real-time semantic image transmission for the
first time with a vision transformer. These methods achieved robust performance
under low SNR. Since they do not have a fixed signal constellation scheme, they
can extract features more freely and transmit any symbol through a channel.
However, these methods are more flexible than traditional methods and cannot

be designed non-jointly.



2.2 Digital Semantic Communication Methods

Rather than designing an end-to-end communication system relying on DL, some
text semantic communication systems improve traditional design with semantic
source encoding and decoding strategies. One popular paradigm in this direction
is utilizing KGs as shared knowledge bases [82]. Using KGs, sentences can be
decomposed into three components: head, entity, and tail [82]. These triplets
can be used as semantic symbols subject to traditional source encoding methods
instead of characters. Such an approach significantly decreases the required num-
ber of bits. [83] improved on this source encoding strategy by incorporating the
relative importance information of the triplets into the transmitter and proposing

a graph attention network-based restoration model.

Inspired by earlier works that use logical probabilities [8], [84] introduced an
additional probability dimension to KG to represent the importance of the infor-
mation and combined two approaches. [85] combined KGs with an attention-based

RL algorithm to further optimize performance.

Apart from using KGs, some systems combine DL-based methods with quanti-
zation to obtain binary data as channel input. [17] extracted the textual features
with word embeddings and transformers for feature extraction, combined the
quantized features with conventional channel coding, and combat the semantic
errors by iteratively enhancing LDPC decoder output with a neural network.
In [34], the architecture of DeepSC is extended for digital modulation by quantiz-
ing the channel input without significant loss from the transmission. [86] combines
pre-trained language models with conventional channel coding and modulation
techniques to make the system more generalizable across different datasets. The
rest of the methods in this family aim to reduce the semantic error caused by
channel errors. [35] uses part-of-speech tagging to create separate codebooks, and
a dynamic programming strategy assigns semantically distant words to the same
codewords. Furthermore, it uses a context-based decoding strategy that relies on
continuous-bag-of-words and LSTM. [87] uses the semantic distance of words to

connect the semantic space with the traditional modulation constellation scheme.



In [88], a holistic model is proposed instead of concentrating on the physical layer.
Power allocation is optimized based on the semantic importance of each word,
which is decided by pre-trained language models [88]. Image counterparts of the
models that do not require continuous data transmission used vector quantiza-

tion [89], scalar quantization [90] and conceptual spaces [91].
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Chapter 3

Sememe-Based Semantic

Communications?!

In this chapter, we first explained the concept of sememe in detail. We then intro-
duced the proposed method, SememeSC. Finally, we presented our experimental
results and compared them with baseline methods. Our contributions through

SememeSC can be summarized as follows:

e Introduces a fundamental concept in linguistics and NLP, sememes, to the

communications domain.

e Provides extensive comparisons with traditional baselines and state-of-the-
art semantic communication benchmarks and reported performance im-

provements in AWGN and Rayleigh fading channel environments.

e Proposes a semantic communication system compatible with existing chan-

nel coding and modulation techniques.

'The content of this chapter reflects the work described in the following publication: T.
Ozates, U. Kargi and A. Koc, “Sememe-Based Semantic Communications,” in IEEE Commu-
nications Letters, vol. 28, no. 10, pp. 2308-2312, Oct. 2024.
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3.1 Primer on Sememes

Sememes, the basic units of meaning in language, are vital elements that help
decode the complexities of semantic expressions [49]. They are in a limited num-
ber, and the set of sememes is much smaller than a set of words in a language. It
is possible to annotate elements of the latter as combinations of the former [50].
These annotations are kept in knowledge bases called SKBs. The primary ex-
ample of SKBs is the HowNet, which is manually constructed by linguists [92].
However, manually constructing such a large base can take decades and autom-
atizing it is desirable. Therefore, several methods are proposed for generating
sememe annotations, given a pre-defined set of sememes, which is a task called
lexical sememe prediction [93-96]. Another main problem related to sememe com-
putation is constructing the set of initial sememes, which has semi-automatic [97]

and automatic [98] solutions in the literature.

The first attempt for lexical sememe prediction utilizes word embeddings and
matrix factorization [93]. [93] proposed a method that factorizes the word-sememe
matrix generated by HowNet [92] to obtain sememe embeddings and used these
embeddings to predict sememes for unlabelled words. [94] extended [93] by incor-
porating the dictionary definitions of words to predict new annotations. These
methods predict a set of sememes instead of a tree structure. Since HowNet
annotates in the latter, [96] is proposed to perform sememe prediction in this
structure using transformers. Although these models successfully predicted new
sememes for unannotated words, they still rely on an initial set of sememes; some
even need manually constructed HowNet as a basis. Therefore, methods that can

automatically construct SKBs are proposed.

EDSKB [97] is one of the bases constructed automatically from a dictionary.
It does not require HowNet or the initial sememe set. However, it still needs a set
of words called controlled defining vocabulary (CDV), which is a set of words that
is highly frequent in language. Using this set as a basis, they first constructed
the sememe set with stop-word removal and some filtering. For the sememe

annotation, they take the dictionary definition of words and remove the words

12



not in the sememe set, which is repeated for every word sense. This method can

be considered as a semi-automatic way to generate an SKB.

MRD2SKB [98], a recent method, can construct the sememe set and anno-
tations without any initial set and be regarded as a fully automatic method.
MRD2SKB first constructs a word-document matrix D from dictionary defini-
tions. D is an m X n matrix, where m is the number of definitions in dictionary
and n is the number of terms. D; , is a row vector that shows sememe annotation
of the ¢’th definition. D, ; is a scalar that describes the occurrence of j’th term in
the 7’th definition. Since n is much larger than the size of a sememe set, D should
be reduced. In order not to lose dimensions and avoid introducing a new space
of words, columns with the least semantic information are iteratively eliminated.
The column to be eliminated in the k’th step can be found by:

1-D® = c®,
argin(C(})) = ). .
i
where 1 is a ones matrix of size m x m, C? is a matrix of column sums in
k’'th step and cﬁ,@n is the index of the column with least semantic information.
However, directly deleting this column will result in a serious loss of information.

Therefore, if the sememe candidate exists in the definition list, an additional step

is included before dropping the column:

C(k) = Ck,

D'® —p® O./(D(k) .D® ),

Cl % *,Ck

(3.2)

where « is a tunable semantic relation parameter. The purpose of this step is
to preserve some of the column information to be dropped. Finally, the ¢;’'th
column is dropped after the update in Eq. 3.2. The entries of the matrix in the
next step are defined by:

D™ it < ¢,

ij o
i = (3.3)

DY, ifj >
A stop condition is required since this procedure will delete all the columns

otherwise. The stopping condition can be the minimum number of columns to
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keep or the minimum semantic information needed to delete a column. The

resulting matrix from this procedure is the SKB obtained.

In this work, we used HowNet and MRD2SKB to observe the performance of
both manually and automatically constructed bases. The number of sememes in
the MRD2SKB variant we used is 3000, an essential parameter for the knowledge
base corresponding to the first stop condition described above. HowNet has a
sememe set with a similar size. A too-small set of sememes will result in too-dense

representations, while a large set will fail to represent semantic relations [98].

3.2 Proposed SememeSC

We consider the problem of transmitting a text message from a source to a desti-
nation through a noisy channel. We work on sentence level. We denote a sentence
to be transmitted m, consisting of N words as m = [wy, ws, ..., wy]. The received
sentence is denoted by m. The problem is to recover a sentence m that is seman-
tically similar to m at the receiver while maintaining transmission efficiency. Our
proposed SememeSC consists of three main blocks: The Symbol Extractor, The
Communication Block, and The Symbol Decoder. Fig. 3.1 provides a general

overview of the framework.

3.2.1 The Symbol Extractor

Before any pre-processing step, SememeSC tags named entities (NEs) via a pre-
trained named entity recognizer (NER) [99]. NE refers to a specific object, person,
location, organization, or any other entity with a proper name. While SKBs
include some of the NEs and express them as combinations of sememes, their
decomposition is less explainable than other words as they carry little semantic
content but stand for proper names. Therefore, a better approach is filtering
them and sending them as individual symbols. We define the recognizer function

as NER(.), which takes raw sentence m as input and returns a sentence where
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Figure 3.1: Overview of the proposed SememeSC.

NEs such as names, cities, and countries are tagged. Mapping is formulated as

m = NER(m), where m denotes the NE-tagged sentence.

The next step is pre-processing input sentences to convert them into a proper
form for sememe extraction. Given the NE-tagged input sentence m, SememeSC
lower-cases the sentence first. Then, it removes punctuation and applies PoS
tagging, which is the process that assigns grammatical groups to words such
as nouns, verbs, and adjectives. Next, PoS-tagged sentences are tokenized and
lemmatized, a procedure to get the root form of words. The aforementioned pre-
processing procedures are performed using NLTK’s pipelines [99]. After that, we
use the English stop words list of NLTK [99], denoted by F', to detect stop words.
Stop words are common words with low semantic values and are eliminated in
most NLP procedures. Although we eliminate them from the sememe extraction
process, we still send them as individual symbols as they are required for recon-
structing the sentences. Next, we use an SKB to extract the K sememes for each

token, except the stop words and NEs.
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SKBs express each word with a different number of sememes. Including ev-
ery element in the decomposition will significantly increase the number of bits
required per word, which will conflict with the primary goal of semantic commu-
nications. Therefore, we choose at most K sememes for each word and perform
a reduction on SKB. To this end, we used word similarity and chose the most
similar sememes to the target word from the corresponding word’s sememe set.
Most similar sememes are those with the largest cosine similarity to the target
word. Similarity scores are based on the cosine similarity of GloVe [100] word
embeddings. It should be noted that alternative methods for measuring word
similarity can also be readily used in this part of the algorithm. The reduction
procedure is explained in Algorithm 1, where G(.) is the function that maps words
to GloVe embeddings, v € R%*! is the resulting embedding vector, where d, is
the embedding size. Kj(.) denotes the function that returns a list of sememes
from an SKB. We compute the cosine similarity of a word and its related sememes
as follows:

cs(w, sg) = Gw).Gls) : (3.4)
|G (w)IIG (sl

where w is the target word, si is the k’th element in its sememe set V. For each

word, we then take the K most similar sememes to the word according to scores

computed by Eq. 3.4.

Algorithm 1 Similarity-Based Sememe Choosing
Input w, K, G(.), Kp(.)
Output S
V Kb(w)
v+ G(w)
C < list > Similarity Scores
for s, in V do
gk + G(sk)
score < ¢s(v, gi) > Cosine Similarity
C.add(score)
end for
Sort V according to C

—
o

Semantic Symbol Extraction block is explained in Algorithm 2. We denote the

symbol extraction method as a function Sk(.) that maps an input sentence m to
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decomposed sememes and semantic symbol list s, consisting of L words, which

can be formulated as:
s = Sp(m), (3.5)

where s is a list of semantic symbols such that s = [sq, Sg, ..., sz], and L < KN.
s consists of stop words, NEs, and sememes. K is the maximum number of
semantic symbols per word. Some words are decomposed to less than K symbols
when it is sufficient to express them to avoid redundancy. The reduced version
of the SKB dictionary is denoted by Ky : W — S, where W is the set of words
and S, is the space of sememe sets. Fig. 3.2 shows an example of mapping from

an input sentence to semantic symbols and reverting them.

Input Sentence:
Mr. Williams drives Lo hospital,

williams
(mamed entily)

- hospital (word)

mr (word) drive (word)

[ [ s [ o0 [ |

Reconstructed Senltence:
mr williams drives Lo hospital

Figure 3.2: An example of symbol extraction and reconstruction of a sentence
without a communication channel.
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Algorithm 2 Semantic Symbol Extraction

Input m, m, F, K,

Output s
1: s <+ list
2: for m; in m do
3: if m; is in F then > Stop word check
4: s.add(m;)
5: else if w; == m; then > Named-entity check
6: s.add(m;)
T else if m; not in I%b then
8: s.add(m;)
9: else
10: Slist Kb[mz]
11: s.add(Syst)
12: end if
13: end for

3.2.2 The Communication Block

SememeSC needs source encoding to generate bits from semantic symbols and
channel coding to reliably transmit these bits through the channel. The commu-
nication block aims to perform these operations and get the semantic symbols
in the receiver as correctly as possible. Thanks to its modular design, the Com-
munication Block is compatible with most separate source and channel coding

algorithms.

Source encoder is the function Sp,(.) that maps the input symbol list s to a
length R binary sequence b € {0,1}f. The dictionary that the source encoder
uses consists of semantic symbols that are extracted by Algorithm 2. The channel
encoder outputs another binary bitstream from the source-encoded data. Vari-
ants of phase-shift keying (PSK) and quadrature amplitude modulation (QAM)
are valid for digital modulation in the system. Channel encoders combined with
modulation can be denoted as a function S,,(.), which maps the bit sequence
to communication symbols transmittable through a channel. We provided de-
tails on the choices for source coding, channel coding, and modulation scheme in

Chapter 3.3.1. Mapping from semantic symbols to communication symbols can
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be formulated as follows:
x = S,(51(s)), (3.6)

where z € CP*! is the input symbol sequence to the channel. R and D vary for

each transmitted sentence.

We considered two channels: the AWGN and the single-path Rayleigh fading

channels, where the transmission of x can be modeled:
y = hx +n, (3.7)

where y € CP*! is the channel output, n € CP*! is Gaussian noise and h ~
CN(0,1) is fading coefficient, and n is sampled from CN(0, 0?). Modulated
symbols in x have unit average energy. Noise standard deviation o depends on
SNR, which is defined as SNR = 10log;,(1/0?). h is equal to 1 for the AWGN

channel.

As the last step, semantic symbols should be recovered from corrupted signal y.
Demodulation and channel decoder can be combined and expressed as the inverse
function of S,,(.). The inverse function of Sj,(.) denotes the source decoder. The

recovery process is formulated as follows:
5 =SS W), (3.8)

where § denotes the recovered symbols.

3.2.3 The Symbol Decoder

The last main block of the SememeSC is the Symbol Decoder, a transformer-
based sequence-to-sequence model inspired by machine translation models. The
Decoder takes the source output in text format, denoted by §, which is a corrupted
version of semantic symbols, and outputs the raw version of the input sentences.
As the network takes the whole sentence as input, it can correct errors with the
help of the semantic context and correctly transmitted symbols. The decoder is

modeled as the inverse of Si(.), which outputs the recovered sentences m, and
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can be formulated as follows:
m =S "(3). (3.9)

We trained the Decoder using the Europarl Dataset [101], which is widely
used for machine translation. Although our model is compatible with longer
sentences, we discarded the sentences shorter than 4 words and longer than 30
words to create consistency with other works in the literature [14]. A split of
120, 000, 20, 000, and 25, 000 sentences for the training, validation, and test sets,
respectively, is used. Sub-word tokenization is used. T'(.) is the tokenizer function,
which maps a text sequence to a maximum length W array. Dictionary size is
defined as P and batch size is B. Training objective is to minimize the cross-
entropy loss, Log between T'(m) € {0,1,.., P}V and T'(s) € {0,1,.., P}*W.

The objective can be formulated as follows:

B W
1
Lep(T(m),T(s)) = —EZZT i 10g(T(s)5). (3.10)
i=1 j=1
For robustness under low SNR, our network is trained by randomly replacing

some portion of the symbols.

3.3 Experiments and Results

3.3.1 Experimental Setup and Baselines

We used the test set reserved during the training of the Symbol Decoder, sampled
from the EuroParl [101] dataset. We used two SKBs, HowNet [50], a manually
constructed SKB, and MRD2SKB [98], an automatically constructed SKB. We
treated them as two different models in comparisons, denoted by SememeSC-
HowNet and SememeSC-MRD2SKB, respectively. We used Huffman encoding
for the source encoding. Polar [7] codes are used for channel coding since it
is one of the most widely used coding schemes for 5G communication systems.

Successive cancellation list decoding is applied with a list size of 32 and the
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coding rate is 1/3. We used quadrature phase-shift keying (QPSK) modulation.
Huffman dictionary size is 3,826 for the test set. Transformer NN consists of 3
encoder & decoder layers, 8 attention heads, and 128 units. The feed-forward
size is 512, the dropout rate is 0.1, the batch size is 64, and the prediction layer
size is equal to the dictionary. We used Adam optimizer with a learning rate of
10~*. We trained the network for 60 epochs with early stopping. We fine-tuned

the parameters with grid search.

We compared our SememeSC with the semantic communication baselines:
DeepSC [14], an end-to-end DL-based baseline, and ContextSC [35]. We re-
trieved some of the results for ContextSC from [87]. We also compared our work
with traditional communication baselines using polar codes and two source en-
coding strategies: Huffman and 6-bit encoding, which use characters as semantic

symbols.

If we denote the total number of words in the test set as Wiy and the to-
tal number of modulated symbols as channel input used for the transmission of
the whole test set as Siotat, Saverage = Stotal/ Wiotar- To ensure a fair comparison
in terms of transmission length, we reproduced DeepSC to have the same com-
munication symbol per word, Syperqge- Training and test batch sizes are equal
for DeepSC. We matched the number of symbols per source-encoded bits with
ContextSC. We matched the number of transmitted communication symbols per
word with traditional baselines by tweaking their modulation order. We used
two performance metrics. The first is the METEOR (Metric for Evaluation of
Translation with Explicit ORdering) score, a standard machine translation met-
ric [102]. It evaluates the match between two sentences by considering word
order and stems. We also used BERT [70] similarity, which calculates the cosine
similarity between two sentence vectors extracted by BERT and is more aligned
with human judgment [14]. Since this metric has an empirical lower bound, we
rescaled it with a range between 0 and 1. The maximum number of sememes per
word K is 3.
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3.3.2 Numerical Results

We provided simulation results in the AWGN and Rayleigh fading channel set-
tings. Fig. 3.3a and Fig. 3.3b present the simulation results in the AWGN
channel for —3 dB to 10 dB SNR range for METEOR and BERT score met-
rics. In the —3 dB to 2 dB SNR range, SememeSC outperformed all baselines
according to both metrics. When SNR reaches 2 dB, traditional Huffman starts
to have an almost perfect transmission. ContextSC starts to perform better than
SememeSC methods when SNR is very close to 3 dB, and for higher SNR, this
trend continues. DeepSC is behind the SememeSC and ContextSC in this range.
When SNR is higher than 4 dB, all baselines almost converge to their upper
bound. Fig. 3.3c and Fig. 3.3d show the simulation results in the Rayleigh
fading channel for 0 dB to 12 dB SNR range. Regarding the METEOR score,
DeepSC performed best in the 0 — 7 dB range. At 7 dB, SememeSC, DeepSC and
ContextSC performed similar. When the SNR is greater than 7 dB, ContextSC
has the highest performance. However, in this setting, the two metrics are not

entirely correlated. DeepSC is superior to other baselines in the 0 — 7 dB range.
When SNR is higher than 7 dB, SememeSC and DeepSC perform very close.

In the AWGN channel and 24 symbols per word usage, DeepSC shows a
poor performance compared to our method, but one needs to note that this
could change with less transmitted symbol requirements. Two metrics are cor-
related in this setting. Two versions of SememeSC models performed closely,
but MRD2SKB was better by a small margin. DeepSC’s training is specific to
the channel. It optimizes according to the Rayleigh fading model and learns to
capture the meaning in environments with a higher bit error rate (BER) in the
Rayleigh fading channel. On the other hand, SememeSC is powered by traditional
methods, and its performance is more dependent on BER, making it superior in
the AWGN channel but worse than DeepSC in most of the range for the Rayleigh.

SememeSC excels in capturing meaning but may overlook linguistic details
in highly noisy environments, reducing direct word matches. This inconsistency
between METEOR and BERT metrics in Rayleigh fading channels is likely due
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to such limitations. However, these errors minimally impact human judgment, as
indicated by BERT scores.

3.3.3 Qualitative Examples

Lastly, we present some sample transmitted and received sentences in Table 3.1.
First, we gave some examples of lossless transmissions. Then, we presented the
cases where the model fails to recover the input sentence exactly. We introduced
the most common type of failure cases observed in the model. All example sen-
tences are chosen from the simulation in the Rayleigh fading channel with an
SNR of 10 dB, and MRD2SKB is used as the knowledge base.

The first three examples in Table 3.1 illustrate lossless transmissions. It should
be noted that even in these cases we do not transmit or recover punctuation and
uppercase letters as most of the text semantic communication models. The third
example is quite a long sentence, a case where deep models generally struggle to
recover without any loss. In the following two examples, the model confuses the
tense of a verb and plural suffix, respectively. These two errors are not based
on communication channel distortions. They stem from the lemmatization of
the input sentences before extracting sememes. We expect a transformer-based
decoder to recover such errors. While in many cases it does, sometimes it lacks
external information to correct them as in these examples. The following exam-
ple shows a case where a word is replaced with a similar word. This example
shows the capability of our model rather than an error. A bit error probably
occurred in this case, and the model managed to recover the semantic informa-
tion. The following example stems from a channel distortion. Huffman decoder
probably could not find the distorted sequence in the dictionary and discarded
the information, resulting in a missing word. The last example is a case where a
communication error occurred, and the model could not correct it, replacing the

word with an unrelated word.
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Table 3.1: Qualitative Results. Both positive and negative examples are provided.

Example Type

Transmitted (TX) and Received (RX) Sentences

Lossless 1

TX: the document includes a timetable for the completion
of the current negotiations
RX: the document includes a timetable for the completion
of the current negotiations

Lossless 11

TX: the participation of regional and local authorities is
very important
RX: the participation of regional and local authorities is
very important

Lossless 111

TX: i think that this is the particular cause of the fear of
instability instead of the stability which we want to ensure
in the european union
RX: i think that this is the particular cause of the fear of
instability instead of the stability which we want to ensure
in the european union

Tense Error

TX: when this attempt failed these people were indeed
detained by the police

RX: when this attempt fails these people are indeed
detained by the police

Plural Error

TX: how do you assess the scenario if the legal inventory
is completed in optimum time

RX: how do you assess the scenario if the legal inventories
were completed in optimum times

Rephrasing

TX: however enlargement of the european union must not
dilute or dissipate the influence of smaller member states
with key national interests which must be protected

RX: however enlargement of the european union must not
dilute or abolish the influence of small member states
with key national interests which must be protected

Missing Word

TX: i would also like to say a few things about agriculture
RX: i would like to say a few things about agriculture

Inexplicable Error

TX: however we should not generalise
RX: however we should not harmonise
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Chapter 4

Semantic Communication over

Channels with Insertions,

Deletions and Substitutions?

While the method proposed in Chapter 3 outperformed baselines with a 24 sym-
bols per word budget, its performance can drop significantly with smaller bit
budgets, since it still relies on the traditional architectures. Despite their draw-
backs, JSCC-based methods can outperform such methods where the bit/symbol
budget is small. Therefore, extending the capabilities of JSCC-based methods is
still valuable, as discussed in Chapter 1. Our contributions through DeepJSOC

can be summarized as follows:

e We propose the first joint semantic transmission scheme for binary channels

with synchronization errors.

e We present a novel training strategy that utilizes a pre-trained error cor-
rection network in the joint-source channel coding schemes with a transfer

learning approach.

2The content of this chapter reflects the work described in the following publication: T.
Ozates and A. Koc, “Semantic Communication Over Channels With Insertions, Deletions, and
Substitutions,” in IEEE Communications Letters, vol. 29, no. 3, pp. 586-590, March 2025.
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e We provide extensive comparisons with benchmark methods using a public

dataset and achieved performance improvements in IDS channels.

In the rest of the chapter, we first described the proposed DeepJSOC. We then

presented our experimental results and their comparison with baseline methods.

4.1 Proposed DeepJSOC?3

We consider the problem of transmitting a text message from a source to a desti-
nation through a noisy channel. We work on sentence level and denote a sentence
to be transmitted m, consisting of N words as m = [wy, ws, ..., wy]. The received
sentence is denoted by m. The problem is to recover a sentence m that is seman-

tically similar to m at the receiver while maintaining transmission efficiency.
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|
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Transformer Decoder
with Dense Layers Pre-Trained GRU Estimator

Figure 4.1: Overview of the proposed DeepJSOC.

The overall architecture of the proposed DeepJSOC is depicted in Figure 4.1.
In a forward pass of the DeepJSOC, a tokenized sentence m first goes through

3Notation used in this chapter differs from Chapter 3 to reflect architectural differences.
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the embedding layer and is encoded by a transformer encoder. Tokenization is
word-based; each word is assigned to a unique token. In the testing phase, out-
of-vocabulary words are assigned to the “UNK” token. Embedded representation
then passes through dense layers. Let B be the batch size, C' be the channel vector
length, and Tg(.) be the function that maps tokenized sentences to a continuous
encoded space. Then, the process to obtain the encoded representations m. can
be expressed as:

me = Tgr(m), (4.1)

where m, € REXNXC  Encoded representations are then quantized using LFQ to
a binary space. LFQ is a binary quantization method enhanced by an entropy
loss term. If we denote the quantizer function as Q(.), with a codebook of size

2K quantized representations can be defined as:

my = Q(me), (4.2)

where m, € {—1, 1}BXNX(%)XK. The process described in Eq. 4.2 maps negative
values to —1 and positive values to 1. Since quantization results in information
loss, we wanted the encoder to produce diverse representations when quantized.

LFQ includes an entropy loss for this purpose, which can be defined as:

'Centropy =K

Z H((mq):,:,:,i)] - Z H (E[(my):...]) , (4.3)

where H(.) denotes the entropy function and E(.) denotes the expectation func-
tion. The first term of Leniropy discourages uncertain quantizations, while the
second term encourages uniform usage of the codebook. We set m, = (m,+1)/2
for consistency with binary representation convention. We then apply marker
code insertion on the quantized bits. The marker code, a pre-defined sequence of
length M, is inserted every n bits along the vector (my,); ;. for each i-th batch
and j-th token, where M,, and n are adjustable parameters, the marker sequence
is independent of m,. If we denote the marker encode function as I,,(.) and

channel input size as S, the marker encoding process becomes:
me = L (M), (4.4)

where m, € {0,1}2*N*5 " Next, m, goes through the IDS channel with dele-
tion probability pg, insertion probability p;, and substitution probability p;.
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IDS channel operates along the channel input vectors (m.);;., and the output
of the IDS channel for an entire batch is defined as m,. If we assume that
k — 1 bits are received when the s-th element of the channel input vector en-

ters to the channel C(.), we can define the k-th element of the output vector

(m0>i7j,k = C(pi7pdapsa (mc)i,j,s) as:

C(pi7pd>psa (mc)z',j,s—i-l) with Pa

L — (me)ijis with (1 — pg — pi)ps
(Mo)ijk = Bernoulli(0.5) with p; (4.5)
(mc)i7j75 with

(1 —pg —pi)(1 —ps),

\

where Bernoulli(p) denotes a Bernoulli random variable with success probabil-
ity p. Since the insertion and deletion operations can add or delete a varying
number of bits to the input sequence, the length of the channel output is not
constant. Furthermore, insertions on the sequence are not limited, making the
output length unbounded. Therefore, we padded safety bits into the GRU esti-
mator’s input according to the channel function’s expected output length. For a
channel with insertion probability p;, deletion probability py and input length S,
we first derived the expected output length as follows:

I —pq

E[S]=n . 4.6

5) = ny =22 (16)
The variance of the output length can be derived as:

o2 — o2 2 . 1—Dd 1— 4.7

S_ai +0d _npl<1_p>2 +npd( pd)a ( . )

where o7 and o3 express the variances introduced from insertion and deletion
operations. Using Eq. 4.6, Eq. 4.7, and normal approximation, we find the
channel output is shorter than padded sequence length S with probability p,, for

the channel condition according to the following equation:

1— 1—
2 ~_—ppfl)25+pd<1 — pa)S, (4.8)

where 2, is the value corresponding to p,, from the normal table. Maxima of the

right-hand-side (RHS) of Eq. 4.8 can be found with numerical methods for given
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S and target p; and p; ranges to determine the safety bits to be added for GRU
estimator. It should be noted that padding bits into the GRU estimator does not
increase power consumption since these bits are added after the sequence leaves
the channel. We discard excess bits if the channel output is longer than the safety

bit-padded sequence.

Errors in channel output are then corrected by the pre-trained GRU estimator
E.(.):
me = E.(m,), (4.9)

where m, is analogous to encoded representation m,.. GRU estimator is a
sequence-to-sequence model that takes zero-padded, length S channel output as
input, fixes the synchronization errors in this sequence, and returns a length S
sequence. Then, this sequence’s first S bits are used as output. GRU estima-
tor is trained in a supervised fashion using channel corrupted vectors as input
and ground truth as output. It is possible to obtain a similar performance with
LSTMs. However, due to their faster convergence and lower parameter count, we
employed GRUs in our network, following the convention in [45] and [46]. GRU
estimator does not use a textual dataset like the main network; it only needs
randomly generated binary vectors. Then, the output sentence m is estimated

by the transformer decoder Ti(.) as:

i = T (ine). (4.10)

Since quantization operation and channel function are not differentiable, we
used Straight-Through Estimator (STE) [103] to preserve the computational
graph. During the backward pass of the network, we copy the gradients from
the transformer decoder to the transformer encoder. The forward pass operates
as usual. Overall loss function includes cross-entropy loss (C'E(.)) between in-
put and output tokens, mean-squared quantization error of the quantizer, and
entropy loss of the codebook. Since the gradients are passed through the GRU
estimator, we also added the mean-squared error (MSE(.)) between m, and m,

as the training objective to keep GRU weights trained. Finally, the loss function
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is:
‘CDeepJSOC<m7 m) = CE(ma m) + Eentropy +

E(|[sglme] — 1|3 + Bllme — sglme]l[3) +
aMSE(m.,m.), (4.11)
where sg is stop-gradient operator used in STE, 3 is the commitment loss weight

and « is the GRU estimator loss weight. The complete training framework is

summarized in Algorithm 3, where w,, is the number of warm-start epochs.

Algorithm 3 Training of the DeepJSOC.

Input: m, w,, p;, pa, S

Output: Trained model

Find maxima of the RHS of inequality in Eq. 4.8, given p;, pg, and S

Generate random binary vectors of size C'

Create marker-inserted and corrupted batches using I,,(-) and C(-) functions

Construct masking matrix M from the corrupted batch, where M;; = —2s;+

1if j <4 and M;; = 0 otherwise

Train E.(-) with input M and output C

6: Train the transformer encoder-decoder model on continuous space (Eq. 4.1
and Eq. 4.10) for w,, epochs with m using cross-entropy

7: Initialize GRU-estimator weights

8: Train the entire network end-to-end using Eq. 4.11

@

4.2 Experiments and Results

In our experiments, we used the Europarl dataset [101], the common benchmark
in textual semantic communication. We considered two bit budgets: 24 bits per
word and 36 bits per word. We used the following state-of-the-art baseline models

to compare our architecture:

1. Traditional baselines: The combinations of different source and channel
coding schemes followed by the BCJR algorithm. The code rate is adjusted
to match the bit budget. Source codes include Huffman and fixed-length
encoding. Channel codes include LDPC and Polar.
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Figure 4.2: (a)-(e) BLEU-1 for pg € [0,0.03]: ps = 0.02 for the 24-bit, and p, = 0.03 for
the 36-bit settings. (b)-(f) BERT similarity for pg € [0,0.03]: ps = 0.02 for the 24-bit,
and ps; = 0.03 for the 36-bit settings. (c)-(g) BLEU-1 for pg = 0.01 and ps € [0, 0.06] for
both 24-bit and 36-bit settings. (d)-(h) BERT similarity for p; = 0.01 and p, € [0, 0.06]
for both 24-bit and 36-bit settings.
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2. SememeSC + BCJR: Semantic communication system in [1] with adding
marker insertion and BCJR algorithm. The code rate is adjusted to match

the bit budget.

3. TSCC: Binary joint source-channel coding system in [47].

In baselines that use markers, a marker sequence of [0,1] is inserted after ev-
ery 9 bits for 36 bit case, making channel vector size 44. For the 24 bit case,
the marker is inserted after every 6 bit, making the channel vector of length
32. A split of 66,176, 7,424, and 7,296 sentences for the training, validation,
and test sets, respectively, is used. We used a learning rate of 0.001, a hidden
dimension of 128, and 3 Bi-GRU layers for the GRU estimator. The estimator
is trained for 200 epochs. For training, we set p; = pg ~ Uniform(0,0.02) and
ps ~ Uniform(0,0.05), where Uniform(.) describes continuous uniform distribu-
tion. Other detailed parameter settings for our main network are given in Table

4.1.

Table 4.1: System and Network Parameters

Parameter Value
Transformer Encoder & Decoder Layers 4
Dense Encoder & Decoder Layers 2
Units 128
Dropout Rate 0.1
Attention Heads 8
Feedforward Size 512
Batch Size 128
Learning Rate 0.001
Warm-Start/Total Epochs 20/100
Commitment/GRU Estimator Loss Weight 0.1/0.1
Quantizer Codebook Size 64
Training p; and py Uniform (0, 0.02)
Training ps Uniform (0, 0.05)
Marker Sequence Length 2
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We used two performance metrics. The first is the BLEU (bilingual evalu-
ation understudy), a widely used metric in machine translation [104]. It evalu-
ates sentences according to direct word-by-word matches, ignoring the underlying
meaning. To capture the semantics, we utilized BERT [70] similarity, which is

described in Chapter 3. We rescaled it to have a value between 0 and 1.

In simulations on IDS channels, we set p; = pg in all experiments, following
the convention in [47]. We expect the effect of p; and py to remain unchanged for
i # pq since the bit error rates of the GRU estimator and BCJR are consistent
in both cases. To observe the effect of synchronization errors and substitution
separately, we first set p, as constant and observed the effects of p; and py. In

the second setup, we set p; and py as constant and observed the effect p,.

Figures 4.2a and 4.2b depict the performance depending on insertion-deletion
probability with a bit usage of 24. We set the p; = 0.02 and considered the
range pg € [0,0.03]. In this setting, DeepJSOC outperforms all baselines in
both metrics. The closest baseline is SememeSC regarding BERT similarity, with
a slightly inferior BLEU score. While the performance gap is very large for
pa € [0.005,0.02], three methods converge to closer points for large py. Figures
4.2¢ and 4.2d show the performance w.r.t substitution probability for the 24-bit
case. We set the p; = 0.01 and considered the range ps € [0,0.06]. For p, = 0,
SememeSC and DeepJSOC perform close in BERT similarity, while DeepJSOC
is superior in BLEU. By introducing substitution into the system, DeepJSOC
becomes superior to all models and outperforms all baselines significantly for
ps > 0.01. It should be noted that SememeSC is a channel-agnostic model, which
is a reason for DeepJSOC’s superiority against SememeSC over IDS channels.
Figures 4.2e and 4.2f show the results when p; = 0.03 for the 36-bit case. We
consider the interval where p; = [0,0.03]. With p; = 0, SememeSC has the
best score for both metrics. Starting from p; = 0.05, DeepJSOC has the highest
BLEU score. Regarding BERT similarity, SememeSC and DeepJSOC are very
close, with slightly higher scores for DeepJSOC. It is observed that traditional

methods produce very low scores in both metrics for this setting.
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Figure 4.2g and 4.2h present the results when p; = 0.01 with a variable sub-
stitution probability in the range [0,0.06] for the 36-bit case. When p, = 0,
SememeSC, Fixed+LDPC+BCJR, and DeepJSOC have BLEU scores of about
0.85 — 0.9 and a BERT similarity higher than 0.8. For ps; < 0.02, SememeSC
continues to produce the highest scores in both metrics. As p, increases over

0.02, we observe that DeepJSOC outperforms all baselines significantly.

An important observation is the relation between the two metrics. For the
same BLEU score, DeepJSOC gives much higher BERT similarity results than
traditional metrics. This result implies that the proposed system is not dependent
on bit-error rate; it can capture the meaning and produce semantically similar
sentences. A similar phenomenon is also observed in SememeSC and TSCC base-

lines.

We conducted ablation studies to quantify the contributions of the integral

parts of the DeepJSOC by testing four variants:

1. Without warm-start: End-to-end network is trained from scratch instead

of first training over a continuous space.
2. Without GRU: Marker-detecting network is removed.

3. Without LFQ: We removed LFQ and quantized each bit to 0 and 1 without

a loss that encourages diversity.

4. Without marker: We removed marker codes and GRU completely and ex-
pected the transformer to handle errors. This is a complete joint source-

channel coding system.

Ablation experiments are conducted for p, = 0.03 and p; € [0,0.03]. The
channel vector is 44-bit for each transmission (36 + 8 for marker-coded schemes).
The resulting BLEU scores are given in Figure 4.3. Results show that when
training starts in the binary domain, about 5% of the performance is lost since it
is hard to find the convergence point for the low p;. When we remove the entropy

penalty in quantization, the low py range is not affected, but about 8% of the score
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is lost as we increase py. We noted that with lower bit-usage, entropy penalty
is essential for the low p; range. When the GRU estimator is removed, a quite
inferior performance is observed in the high py range. The network struggles to

learn the representations if the marker code is removed, even without the channel

effects.
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Chapter 5

Discussion and Conclusion

In this thesis, we introduced two novel textual semantic communication meth-
ods to overcome the shortcomings of existing approaches. To be more specific,
we wanted to make these systems compatible with existing communication al-
gorithms. Furthermore, we aim to extend them to binary channels with syn-
chronization errors. While the proposed schemes yielded promising results, the
feasibility of the employment of these systems may be limited to specific cases as

other textual semantic communication systems.

In the first study, we proposed a semantic source encoding and decoding strat-
egy that relies on sememes and DL. The proposed SememeSC can be integrated
into conventional communication systems more easily than end-to-end systems.
We have numerically demonstrated that our method is superior to existing tradi-
tional communication methods and semantic communication baselines in AWGN
and Rayleigh fading channels in the symbol-per-word rate we work on. We also
showed that training the decoder module to mimic the errors in the communica-
tion channel makes the system more robust, and using a wider SKB yields slightly
better results. One limitation of our proposed method is that it may perform
worse with a very low symbol-per-word rate than end-to-end deep learning-based
models. Another limitation is that our time complexity is higher than that of a

character-based traditional method due to increased Huffman codebook sizes.
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In the second study, we proposed a textual semantic communication system
that is robust to insertions, deletions, and substitutions. The proposed method
is the first step towards adapting deep learning-enabled semantic communica-
tion systems to binary channels with synchronization errors. It outperformed all
baselines in most of the considered range. With a tiny bit budget, DeepJSOC’s
superiority is more significant. When the bit budget is increased, traditional
methods tend to close the gap; however, they cannot compress the data as much
as the proposed system. One drawback of the proposed system is the slower
inference time compared to models like DeepSC since additional modules are

integrated into transformer-based backbone.

One possible future work is to investigate the incorporation of sememe knowl-
edge into end-to-end DL-based systems. For the channels with synchronization
errors, it is also possible to extend the proposed idea to image semantic com-
munication systems. Another research direction for the IDS channels may be
excluding marker codes from the system to fully utilize DL in the end-to-end
process. While our initial efforts showed the failure of such a setup, using differ-
ent optimization techniques such as policy gradient methods instead of STE may

be helpful in optimizing the parameters to learn the error patterns.

We believe that the proposed SememeSC and DeepJSOC will contribute to the
practical applicability of semantic communication systems in real-world networks

and pave the way for new research in this direction.
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