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Abstract

The evolution of arti cial intelligence applications has &ponentially increased the demand for
e cient and low-latency transmission of large data volumesposing signi cant challenges to con-
ventional wireless communication systems. While convential systems, known for simplicity
and elegance, have been extensively studied with a focus efiable bit sequence transmission
without considering the content semantics and communicath objectives, they can yield sub-
optimal results in practical scenarios characterized by ite block lengths and rapidly varying
wireless channel conditions. Next-generation communicati systems aim to address these lim-
itations by incorporating message semantics and speci ¢ mmonunication objectives into their
design, a paradigm known as semantic communication. One dfet most promising advance-
ments in this area is the deep joint source and channel codi(igeepJSCC), a pioneering deep
learning-based technique that combines source compressamd error correction into a uni ed
process. This approach allows end-to-end optimization anpfomises signi cant improvements

in bandwidth e ciency and reliability, thereby challenging Shannon's separation theorem.

This thesis delves into the transformative potential of DgglSCC in the realm of semantic
communications, with a particular focus on developing préical DeepJSCC-based transceivers
for image transmission and edge inference tasks. By expigyithe DeepJSCC for image trans-
mission across three canonical channel models: orthogomi@quency division multiplexing
(OFDM), multiple-input and multiple-output (MIMO), and fee dback channels, this thesis show-
cases DeepJSCC's superiority, adaptability, e ciency, andobustness in diverse semantic com-
munication scenarios. Furthermore, this thesis extends ¢happlication of DeepJSCC to edge
inference tasks, showcasing its ability to optimize di emet communication objectives. The
comprehensive evaluation of the proposed DeepJSCC framekgacross diverse tasks and sce-
narios underscores its versatility, establishing it as a g¢inly promising alternative to traditional
separation-based algorithms and a potential solution foraxt-generation semantic communica-

tion systems.
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Chapter 1

Introduction

The rapid expansion of wireless communication technologidias revolutionized the way in-
formation is transmitted and received. The exponential gmth of wireless applications, such
as the Internet of Things (IoT) [1], virtual reality (VR) [ 2], real-time streaming B] and edge
intelligence H], has signi cantly ampli ed the demand for reliable and e cient transmission
of large data volumes, as depicted in Figl.1 Transmitting such vast amounts of data over
wireless channels with low latency and high reliability p@s substantial challenges, primarily
due to bandwidth constraints, the data-intensive nature, ad the inherent variability of wireless
channels. Addressing these challenges requires the develept of advanced techniques such
as source compression,[6, 7], channel coding 8, 9], and transceiver optimization for speci c

downstream tasks Q.

Traditional Shannon separation theorem One starting point is reconsidering the Shan-
non separation theorem in practical scenarios. The Shannoeparation theorem [L1] states
that source and channel coding can be optimized independbntithout losing e cacy in the
asymptotic limit of in nite block-length for ergodic source and channel distributions. Building
on Shannon's theorem, research into traditional separatiebased communication systems has
predominantly focused on two critical areas: source codiramd channel coding, as illustrated

in Fig. 1.2 The former aims to compress the source data into fewer bitshile the latter seeks

31
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Figure 1.1: lllustration of wireless edge applications.

to maintain robustness against channel noise at a lower codi rate. Both areas have been
extensively investigated, especially in the past decadetije to the increasing prominence and

advancements in machine learning.

While the Shannon separation theorem has long been a corners of digital communications,

its applicability in real-world scenarios is signi cantly limited. In modern wireless systems,
characterized by nite block lengths and dynamically chanigg channels, this elegant theo-
retical principle can result in sub-optimal performancel2, 13]. These limitations prompt a

reevaluation of conventional methodologies, suggestingat an integrated source and channel
coding approach might better suit contemporary needs. Thedaent of joint source-channel
coding (JSCC) and its further innovation through deep learmg [14, 15, 16 exemplify these

considerations. By intelligently combining the tasks of aopression and error correction, JSCC
approaches aim to mitigate the ine ciencies brought about i the theorem's assumptions, ad-
dressing the critical issues such as cli degradation and lstoptimality that can signi cantly

impact system performance under varying channel conditisn

Joint source and channel coding As shown in Fig. 1.2, unlike separation-based schemes

that independently execute source and channel coding, a s$&cal JSCC approachl[3] directly
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Figure 1.2: Alternative wireless transmission pipelines.

maps the source signal to the channel symbol at the transmélit. As a result, the receiver
reconstructs the source signal directly from the receivedhannel output. The primary advan-
tages of JSCC-based systems include their ability to exhibigraceful degradation," where the
quality of reconstruction gradually diminishes as channelonditions deteriorate, and their su-
perior performance under certain challenging channel catidns or in bandwidth-constrained

scenarios 17, 18, 19].

While JSCC methods demonstrate advantages over traditionakparation-based schemes in
speci ¢ contexts, designing a practical JSCC scheme is extnely challenging. Most existing
studies on JSCC either focus on theoretical scenarios, e @aussian or Gauss-Markov sources

[20, 21, 22, 23], or jointly optimize parameters of separate source and chiael codes?4, 25, 26,



34 Chapter 1. Introduction

27, as there is a lack of practical JSCC schemes and theoretig@rformance bounds on the
achievable mean squared error distortion for lossy JSCC inite block lengths 8], particularly
when dealing with practical sources such as images. Despthe signi cant computational and
design complexity associated with optimizing source and &hnel coding con gurations, to the
best of the authors' knowledge, no classical JISCC schemeséhbeen known that can perform

on par with state-of-the-art separation-based codes.

The rise of arti cial intelligence and DeepJSCC Simultaneously, arti cial intelligence
(Al) is increasingly recognized as a transformative force irmproving connectivity, which is
essential for developing the forthcoming 6G cellular netwo standard [29). Notably, rapid
advancements in Al technologies have demonstrated signictasuccesses in the eld of com-
munication, o ering innovative solutions across various @mains such as source coding algo-
rithms [5], channel state information (CSI) estimation 0], and channel coding techniques3]].
Leveraging these Al-driven methods holds considerable potel to substantially improve wire-
less communication systems' performance and e ciency, theby enabling higher data rates,

reduced latency, and greater e ciency across a broad speam of 6G applications.

Thanks to the remarkable advancements in Al, particularly indeep neural networks (DNNSs)
and deep learning (DL), signi cant progress has been made the recent years in the de-
sign of practical and competitive DL-based joint source-emnel coding (DeepJSCC) schemes
[15 32 32 33 34, 35 36, 37, 38. As shown in Fig. 1.2, DeepJSCC schemes utilize an
auto-encoder (AE) framework to directly map input source sigals to channel symbols at the
transmitter and vice versa at the receiver. This design elimates the need for explicit source
compression, error correction, or using bits as a standar@épresentation unit. Instead, the
DeepJSCC approach is optimized to directly generate channgfmbols to enhance the overall
communication performance across diverse source and chalngistributions, which adopts an
end-to-end training methodology without imposing constiiats on the distribution of the source

and the channel.

The rst DeepJSCC was introduced for wireless image transnsi®n in [L5], which was shown
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to outperform the concatenation of the better portable grapics (BPG) [39] image compression
codec with low-density parity-check (LDPC) fi0] codes. This was later extended to dier-
ent communication channels, including orthogonal frequew division multiplexing (OFDM)
[32 41, 42], multiple-input and multiple-output (MIMO) [ 43, 44, relay [45], multiple-access
[46], broadcasting #7], and feedback channels3p. Moreover, the DeepJSCC framework is
highly adaptable across a wide range of data modalities, whi has demonstrated consistent
transmission superiority in texts [L4], videos B8], and speech49. The versatility and prac-
ticality of DeepJSCC, coupled with its e ectiveness acrossierse channel models and source
modalities, positions it as a highly promising technology fonext-generation communication

systems 4, 50, 51].

Technical, semantic, and e ective communication The foundational communication
model, remaining widely utilized in contemporary researchwas rst introduced by Shannon
in 1948 [L1]. In this model, a transmitter encodes a message into chamrsymbols, which are
sent through a communication channel and decoded by the réas to reconstruct the original
message. Based on this model, communication problems canflmher categorized into three
distinct levels B2): Level A (technical), Level B (semantic), and Level C (e etive). Level A,
technical communication, concerns the precise transmissiof communication symbols. Level
B, semantic communication, ensures the intended semanticeaning is conveyed. Level C,
e ective communication, emphasizes the impact of the resed message, aiming to in uence

the receiver in the desired manner.

Traditionally, research in existing communication has pmarily focused on technical communi-
cation problems, ensuring the reliable and e cient delivey of data packets without considering

the content of the packets or their impact on the receiver. Tis design can accurately transmit

channel symbols, o ering a universal solution applicableotdiverse information sources. Such
a technical communication approach is highly valued for itsimplicity, adaptability, versatility,

and compatibility with real-world systems.

However, there has been a growing interest in moving beyondttitional technical communica-



36 Chapter 1. Introduction

Transmitter
N "%’“‘* o "V Semantic |
oA H° B decoder 1
Task- A \ 4
| oriented | JSCC- | g JSCC-
semantic |encoder | E |decoder ™|
encoder <
\ .................. / \- ————————————
i g .
'y A
- e e
1 .
=y Semantic knowledge !
1

Figure 1.3: An example of DeepJSCC-empowered semantic comnaation system with mul-
tiple communication objectives, where the whole transmiér can be viewed as a DeepJSCC
encoder.

tion systems into semantic communication systems in receygars. This shift is driven, in part,
by the exponential increase in data tra c, the escalating denand for low-latency communica-
tion, and the potential performance improvement from fullyutilizing the content semantics,
all of which present signi cant challenges to conventionatommunication paradigms. Addi-
tionally, advancements in semantic-related metrics and #ories and the innovative integration
of various machine-learning techniques into semantic cormmcation tasks have motivated the
development of semantic communication. These advancemerare especially relevant in the
context of emerging Al applications, where the primary objeive is to achieve task-specic
performance or accurately convey the semantic features dfet source for downstream tasks.
Unlike traditional communication, which prioritizes high-delity message reconstruction, se-
mantic communication emphasizes the accurate transmissiof semantic meaning to enhance
the overall functionality and e ciency of communication systems, particularly in goal-oriented,

Al-driven applications.

DeepJSCC-empowered semantic communication Most semantic communication sys-
tems signi cantly bene t from the integration of deep learring technologies. The main reason
is that directly extending theoretical ndings from technical communication to semantic and
e ective communication levels can introduce substantialamplexity and challenges. However,

the advancements in DL for semantic tasks o er powerful toslfor extracting source semantic or
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task-speci ¢ features customized for particular communation objectives, despite often lacking

interpretability.

In fact, numerous semantic communication systemS3, 54, 55| can be modeled within a general
DeepJSCC framework. While various semantic communicationaimeworks can be developed
for distinct goals and scenarios, DeepJSCC is a foundatioriathnology in this eld, as dipicted
in Fig. 1.3 It facilitates goal-oriented optimization of the entire @mmunication pipeline with-
out the necessity of explicitly de ning semantic meaning. Mis intrinsic versatility makes it
highly adaptable for various semantic communication systesn especially those involving Al
applications. Thus, utilizing DeepJSCC as the foundationainodule for designing semantic
communication systems becomes highly natural and approgte. To achieve this, it is crucial
to integrate domain-speci ¢ knowledge from the eld of commnication with the inherent char-
acteristics of DeepJSCC. This integration facilitates the eévelopment of a model-driven system
tailored for semantic communication, as shown in Figl.4. For instance, in source transmission
tasks, DeepJSCC can prioritize delivering essential semanteatures over channels with better
conditions (1, 56]. Another example is edge inference tasks, where incorpongt DeepJSCC
into the pipeline can signi cantly improve the task performance by ensuring that only robust

and essential features are transmittedb[/]. These enhancements are all achieved by employing
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DeepJSCC to consider both the characteristics of the wirekeshannel and the speci c objectives

of the task.

This proposed design, integrating the advantages of DeepJSCenvironment-speci ¢ communi-
cation channels, and intended communication objectivesethonstrates the substantial potential

for enhancing and optimizing next-generation semantic camunication systems.

1.1 Challenges and motivations

While DeepJSCC is a sophisticated and versatile paradigm, dgsing a practical DeepJSCC-
based transceiver for semantic communication systems pesggni cant challenges, particularly
in terms of source and channel generalizability. Addressittigese practical challenges forms the

central motivation of this thesis.

Source generalizability Many deep learning models face over tting and limited genal-
ization issues regarding source generalizability, ofterud to their training on speci c datasets.
More recently, over tted compression approaches [ 58, 59, 60, 61], including our own work
[7, 61], have introduced new paradigms to address these challead®y reducing dependence
on training data. While promising, these methods require imeased training e ort and are
not practical in real-time communication scenarios. Instal, this thesis delves into the metic-
ulous design of model architectures, encompassing contanal neural networks (CNNSs) to
transformers, and the exploration of training strategiessuch as end-to-end training and con-
trastive learning. The emphasis here is on careful architeical design to enhance the robust-
ness and generalizability of these models. Employing suently large and diverse datasets
can also signi cantly improve the robustness and generatibility of these models. This thesis
presents several meticulously designed architectures threrent communication scenarios, each
demonstrating strong generalization capabilities and copetitive performance, even on unseen

datasets.
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Channel generalizability In parallel, ensuring channel generalizability for DeepJSCschemes
is also essential for the e ectiveness and practicality oEmantic communication systems. One
critical shortcoming of previous works is the lack of consédation for essential factors regarding
channels, such as the ability to adapt to diverse channel mels, varying channel conditions,
and the channel estimation errors. To achieve adaptabilitacross a range of channel models
and channel conditions, DeepJSCC must incorporate correspming extensions designed for
speci ¢ scenarios, enabling the semantic communicationsggms to scale e ciently to practical
applications. Addressing this challenge involves desigigira robust architecture and integrat-
ing domain-speci ¢ knowledge in communication channels. dfeover, DeepJSCC is expected
to demonstrate the potential to maintain performance, evein the presence of noisy CSI or

imperfect side information, by employing speci ¢ deep leamg mechanisms.

Motivations In light of the above research gap, this thesis provides a deted exploration
of how modern communication systems can overcome tradit@nconstraints by leveraging
DeepJSCC technologies. Speci cally, we present practicaleBpJSCC schemes across di er-
ent scenarios, demonstrating the transformative impact dbeepJSCC techniques on commu-
nication performance. These scenarios encompass adapiiveige transmission over OFDM
and MIMO channels, communication problems in the presencd feedback channels, and a
DeepJSCC-empowered edge inference scenario. Each scenaoges unique challenges that
push the boundaries of conventional communication system®y incorporating DeepJSCC,
this thesis reveals its potential to enhance performanceighlighting its adaptability, e ciency,

and resilience across diverse communication environments

1.2 Outline and contributions

The outline and contributions of this thesis can be summarned as follows:

" Chapter 1 provides a comprehensive overview of recent advancememsDeepJSCC

and semantic communication, highlighting the motivation lehind it and detailing our key
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contributions.

Chapter 2 presents the foundational concepts, essential backgroukdowledge, and a

literature review on DeepJSCC and semantic communication.

Chapter 3 presents a channel-adaptive DeepJSCC scheme for wirelesagmtransmis-
sion over OFDM channels. Speci cally, we propose a dual-attBon mechanism that
leverages the estimated CSI to aid the allocation of featisend power resources, thereby
adapting e ectively to time-varying channel conditions. Numerical experiments verify
that the proposed method achieves the state-of-the-art plermance across a range of

SNR and bandwidth scenarios, and shows robust performancesewvith imperfect CSI.

Chapter 4 presents the rst DeepJSCC scheme over the MIMO system, DeepJS-
MIMO, for adaptive image transmission. The proposed DeepJSEMIMO architecture
signi cantly surpasses traditional separation-based behmarks in both open-loop and
closed-loop MIMO systems by leveraging the channel heatmagsign and employing a
self-attention mechanism. Furthermore, it exhibits remd@ble robustness against channel
estimation errors and exceptional adaptability to varyingchannel conditions and antenna
con gurations without requiring retraining. These attributes make it a highly promising

solution for emerging semantic communication systems owlMO channels.

Chapter 5 proposes JSCCformer-f, a novel feedback-aided JSCC architee for wire-
less image transmission. JSCCformer-f exploits the sema#iof the source image and
the available feedback signal to generate coded symbols amdhe the decoder's belief
about the source image across multiple blocks. The proposstheme is resource-e cient,
using a single encoder for multiple feedback interactiongtivout additional parameters or
training, and supports exible transmission strategies,ricluding variable rate transmis-
sion, to optimize resource usage. Numerical experiments damstrate that JSCCformer-f
achieves the state-of-the-art performance across vario8&NR and bandwidth scenarios
with robustness against feedback noise. Furthermore, it cdre adapted for broadcasting

channels, e ectively managing feedback from multiple soces.

" Chapter 6 investigates DeepJSCC for collaborative edge inference plem and proposes
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a novel contrastive learning-based semantic communicatigparadigm. Speci cally, we
study how channel conditions impact the transmission of semtic information from mul-
tiple edge devices and optimize inference performance bydeaging correlations among
transmitted signals, multiple access strategies, and irgeating JSCC with over-the-air
technologies. Numerical experiments show that the proposedheme outperforms exist-

ing approaches, particularly in low SNR and limited bandwidt scenarios.

" Chapter 7 summarizes the key conclusions and ndings of this thesis.
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Chapter 2

Background and related works

This chapter will establish the foundational concepts andrpvide literature reviews on deep
joint source and channel coding and semantic communicati@ystems. These two emerging
elds o er substantial opportunities and present unique clallenges, as they necessitate the
integration of cutting-edge machine learning technologewith the proper design of wireless

communication systems.

2.1 From Shannon's separation theorem to Deep JSCC

Shannon's separation theorem Shannon's separation theorem is the foundational princi-
ple in the design of conventional wireless communicationsfgms. According to this theorem,
reliable transmission of a source is achievable in a poirg-point communication system if the
minimum source coding rate is below the channel capacitg$d. Conversely, reliable trans-
mission becomes impossible if the minimum source coding eagxceeds the channel capacity.
The theorem further asserts that these results can even holhen the source and channel
codes are designed independently. These two ndings lead toet conclusion that the separa-
tion design of source and channel coding is optimal under tlEssumptions of in nite source
and channel bandwidths, ergodic source and channel distiions, and in the context of an

additive distortion measure. However, these assumptionseapften impractical in real-world

44
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Figure 2.1: A comparison between conventional separatiomdred scheme and JSCC scheme,
where sourceY is transmitted as a channel input”, and is reconstructed as{ based on the
channel output _.

scenarios. For instance, wireless communication systenypitally operate under limited block

length and bandwidth constraints, especially in applicatins demanding low latency. Despite
these practical limitations, Shannon's source-channelEgation theorem has still been widely
employed as a foundation for designing modern communicatisystems, commonly referred to

as separation-based communication schemes.

Separation-based communication scheme: According to Shannon's separation theorem,
a conventional separation-based scheme is structured withstinct source and channel coding
modules. As depicted in Fig.2.1(a), the transmitter sequentially employs source codinghan-

nel coding, and modulation techniques. Conversely, the ibeer performs corresponding de-
modaulation, channel decoding, and source decoding opeadts in a reverse order to reconstruct
the message. Particularly, the source coding process ainesetiminate redundancy within the

source data, thereby achieving e cient communication. Ths allows the source to be transmit-
ted within fewer bits, which can be achieved either in a lossyr lossless manner. For semantic
sources such as images and videos, a range of competitive m@ssion codecs is available, in-
cluding BPG [39], JPEG [63], and advanced neural compression algorithms, [64, 65, 66, 67).

After the source coding, a channel coding module is employeal detect and correct bit errors
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arising from the noisy transmission. In this stage, a souraata sequence of length -bits is
encoded into a longer sequence of channel input with lengthbits (= j : ) by incorporat-
ing structured redundant bits to enhance error correctionapabilities. Various channel coding
schemes, such as LDPC code4(], Turbo codes $8], and Polar codes§9], have demonstrated
exceptional performance with notably low block-error rate (BLER). These techniques are cru-
cial for ensuring the robustness of modern digital commuration systems, as the presence of

even a single bit error in the bit stream can prevent the sucssful decoding of the source signal.

Despite its theoretical elegance, the separation-basedheme has three primary drawbacks:
" Firstly, the optimality of separation-based design is oftemnachievable in practical scenar-
ios constrained by nite bandwidth. In most real-world appications, there is a growing
demand for the e cient transmission of large data volumes wike maintaining high quality

and low latency, challenging separation-based methods rsigantly.

Secondly, the separation-based scheme signi cantly redien accurate channel estimation.
Exceeding the channel capacity during transmission can ditly yield bit errors and

consequent rate outages, potentially resulting in unsucssful transmission or decoding.

Thirdly, the separation-based scheme lacks adaptabilityt uctuating channel conditions,
necessitating the frequent switching of communication scmes to match varying chan-
nel conditions. Otherwise, this can result in a signi cant dgradation in performance,
known as the cli e ect, particularly when the signal-to-naise ratio drops below a critical

threshold for each speci c transmission strategy.

Classical JSCC communication scheme: Given the practical limitations of separation-
based schemes, researchers are increasingly turning tregtention to joint source and channel
coding methodologies. Di erent from separation-based semes, which independently perform
source coding and channel coding, a classical JSCC schefrg dlirectly maps the source sig-
nal into the channel symbols at the transmitter, as shown in . 2.1 (b). Consequently, the

receiver reconstructs the source signal based on the reeeixchannel outputs. One of the key
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advantages of JSCC-based systems is that they can avoid the € ect, commonly associ-
ated with separation-based approaches. Instead, JSCC systedemonstrate graceful degrada-
tion, wherein the reconstruction quality gradually diminshes as channel conditions deteriorate,
which is particularly bene cial in scenarios with uncertanties in channel estimation. In recent
decades, various communication systems have demonstratdstantial bene ts through the
application of JSCC technologies. These applications encpass video transmissionl1p, 70,
image communication 17, 71], and speech transmissiorvp]. Additionally, JSCC has proven ef-
fective in diverse wireless channel models, such as MIMGB[ 73], OFDM [74, 75|, broadcasting

channels 76, 77], feedback channels7g], and relay channels79].

Typical JSCC designs in wireless image transmission schenaes based on the rate-distortion
(R-D) trade-o paradigm [80]. This paradigm characterizes the trade-o between the tnas-
mission quality and the minimum transmission rate to achiev that speci ed quality level.
Instead of independently selecting source and channel cedmsed on the target transmission
performance, classic JSCC approaches involve a joint optimation of both source and channel
coding. This joint optimization process has demonstratedgtential for enhancing communica-
tion quality, particularly in scenarios involving channelmismatch [L3, 17, 18, 19, 70, 71, 73].
The primary challenge here is to attain an optimal balance Weeen the quantization error
introduced by source coding and the transmission error airg from the inherent imperfections
in the channel coding scheme. Achieving this objective nes#ates the development of an
optimization procedure that incorporates the characterigs of both the source coder, such as
its RD curve, and the channel coder, encompassing its erroofrecting capabilities and corre-
sponding code rates. Authors ing1] rst introduced a methodology to assess the joint R-D
performance and estimated the information-theoretic bows of JISCC schemes under a xed
bandwidth constraint. Another advanced JSCC scheme designéat time-varying channels is
presented in 82], utilizing multi-resolution modulation constellationsto enhance adaptability
across di erent scenarios. Building upon these foundatisn a progressive image transmission
scheme has been proposed 83, which optimizes intermediate transmission rates to maxi
mize transmission performance under channel noise, theyednhancing the robustness against

potential outages.
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Despite their advantages over traditional separation-basl schemes in practical nite block-
length regimes, classical JSCC schemes still encounter gahsal challenges. The primary
issue is the high computational complexity involved in optnizing source and channel code
con gurations. Furthermore, classical JSCC approaches eft lack adaptability across varying
source and channel distributions, which may limit their pratical applicability. Additionally,
designing e ective classical JSCC schemes is highly chaljgmy, and no such codes have been

known to perform on par with state-of-the-art separation-bsed codes.

Deep JSCC: To address the limitations of classical JSCC methods, resebers have started
to exploit DNNs to design novel and competitive JSCC schemes taahsmit high information

content signals over wireless channel§q, 32, 33 34, 35, 36, 37, 38, 48 84]. These DNNs-
based JSCC schemes, denoted as DeepJSCC, directly map the trgurce signal to channel
symbols, and vice versa at the decoder. These methods remtwe necessity of explicit source
compression or error correction, or the usage of bits as a aoon unit of representation of
signals. Instead, the DeepJSCC approach is optimized to ditéy generate channel symbols to
enhance transmission quality across diverse source andmhel distributions. This is achieved
through an end-to-end training methodology that refrainsrbm imposing constraints on the

source or channel distribution.

Speci cally, DeepJSCC is a data-driven technique that uses DNNg learn an optimal represen-
tation of the source data that is both compact and robust to cannel impairments, e ectively

merging the compression and error-correction functiontés. The process typically involves:

" An encoder network: A DNN that encodes the source data into a cqact representation
tailored for transmission over a speci c communication chranel. The encoded represen-
tation is designed to be resilient to the impairments of thel@nnel, such as noise, fading,

or interference.

A decoder network: A DNN takes the received (and possibly capted) encoded repre-
sentation and attempts to reconstruct the original sourceata. The decoder is designed

to correct errors and recover the original data as accurateas possible.
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" End-to-end optimization: The encoder and decoder are joigt optimized to minimize
the end-to-end reconstruction error, taking into accounthie speci ¢ characteristics of the
channel. This can lead to more e cient use of bandwidth and k&er performance under

certain conditions compared to traditional methods.

DeepJSCC has been pioneered ih, where an autoencoder-based JSCC architecture is pro-
posed for wireless image transmission, which outperformsthndard compression and channel
coding schemes over additive white Gaussian noise (AWGN) arRbyleigh fading channels.
Subsequent to this work, channel output feedback was incaated in [35 47] by designing
multiple coding processes for each feedback iteration, waéhe model can re ne the transmis-
sion from the feedback signals. Expanding upon prior DeepJ&G@rameworks, B2, 41] extended
the methodology to OFDM channels by training the speci c AE pai within an OFDM sce-
nario. To achieve the exible channel bandwidth of the DeepJ3C, [84] proposed a layered
transmission scheme where images are progressively traitgd in distinct layers, while [85]
employed a separate policy network to control the transmigs rate. Above broad applicability
is attained through the joint training of the model over releant channel systems, followed by
model-driven optimization techniques customized for spiec communication scenarios. Fur-
thermore, [33] employed the attention mechanism to adapt the DeepJSCC mdd® AWGN
channels with varying Signal-to-Noise Ratio (SNR) values, velne the intermediate features are
scaled by the attention mechanism based on the channel SNRu@s$. An alternative generative
architecture is considered in36, 37, 38 to improve the performance of distortion and percep-
tual quality. The success of DeepJSCC schemes can be extenttedther downstream tasks
beyond signal reconstructions, such as image retrieval/[ 86, visual question answeringd7],
and edge inferencelf]], where the transmitter only transmits the relevant semant features
instead of all the image pixels, saving much bandwidth. Bewd its e cacy in various tasks,
the practicality of DeepJSCC in real-world systems has beewaduated through prototype de-
velopment B8, 89, implementation with constrained channel inputsg0], and operation under

peak-to-average power ratio constraintsip).

In summary, DeepJSCC schemes can be adapted to various typésiata (e.g., texts [L4, 91],
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images 5], videos 8], speech49], point clouds P2, 93]) and di erent communication channels
(e.g., OFDM [32 41, 42, MIMO [43, 44], relay [45, multiple-access 46], broadcasting and
feedback channels4[/]) by training the encoder and decoder on relevant data and ahnel
models, making it an appealing technology for next-generah communication systems4, 50,

51, 57, 86).

2.2 From technical to semantic communication

To date, digital communication systems have been developadd optimized with the primary
objective of reliably transmitting bits over noisy channed. This approach facilitates e cient
engineering designs that are independent of the messagetennhor the communication objec-
tives. However, next-generation systems have the potentitd enhance their performance by
incorporating message semantics and communication goaititheir design framework, which

paves the way for the development of novel and innovative dgs strategies in the future.

Shannon's coding theory 1] establishes the fundamental limits on the rate at which re&ble
bit sequence can be transmitted. This theory assumes a commiation system that functions
independently of the messages' semantics and the commumi@a's goal, focusing solely on the
e cient transmission of information. Although this approach has demonstrated substantial ef-
cacy in traditional systems, the rise of emerging Al applicaons has signi cantly boosted the
interest and potential in semantic communications. In scemios such as autonomous driving
and the IoT, there is a notable tendency towards integratingomputation and communica-
tion with physical processes, which allows processing uito collaborate and communicate
e ciently, thereby improving task performance. Unlike conwentional communication networks,
which prioritize the accurate and independent reconstruiin of the original message, the ob-
jective in these scenarios shifts towards enabling the réwer to make correct decisions aligned
with the intended communication objective. Consequently, @mmunication systems can be
further optimized by incorporating the message's semansicand the communication's speci c

goals, underscoring the necessity for developing semarg@mmunication systems.
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Figure 2.2: lllustrations of Weaver's three levels commuration problems.

To provide a comprehensive understanding of semantic commcation, we introduce its back-
ground through three key aspects: the de nition of semanticommunication, the motivation

behind its development, and the relevant surveys on this top

What is semantic communication: Following the Shannon's information theory 11],

Weaver in bZ] categorized a board communication problem into three disict levels:

" Level A (The technical problem) : \How accurately can channel symbols be trans-
mitted?"
" Level B (The semantic problem) : \How precisely does the communicated message

convey the intended semantic meaning?"

A

Level C (The e ective problem) : \How e ectively does the received meaning in uence

the communication goal in the desired manner?"

In the context of the three-level communication problem, aslepicted in Fig. 2.2, e ective
communication at level C emphasizes generating the intergileneaning to achieve the commu-

nication goal, taking into account the beliefs of both the @mnsmitter and the receiver, as well
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as ongoing task progress. In contrast, semantic communicat focuses on constructing mes-
sages to accurately convey semantic meaning based on a stidamguage or protocol. Lastly,
technical communication addresses the design of channeipls to ensure that messages are
transmitted with maximum precision. According to Shannon'soding theory, the amount of
information in a message is quanti ed through the concept ofuncertainty,’ emphasizing the
probabilities associated with the message rather than itemantic meaning. Conversely, se-
mantic communication focuses on the conveyed meaning of agsa&ge, considering the commu-
nication's objective while minimizing the associated comumication cost. Note that mapping
between semantic meanings and messages is often a many-tmyncorrespondence in a com-
munication task. This implies that distinct semantic meamgs can produce identical messages;
conversely, the same semantic meaning can be conveyed tlgtomultiple messages. As a result,
these many-to-many relationships can lead to two typical soarios: successful semantic com-
munication with failed or imperfect technical communicatn and, conversely, failed semantic
communication with successful technical communication. f@hese two scenarios, the former is
an acceptable outcome that we can optimize for, while the k&t is undesirable and must be

avoided.

Although Weaver explicitly excluded semantics from Shann&ntheory, he still argued that
Shannon's theory has implications for Level B and Level C pbtems, as discussed irof.
Meanwhile, many researchers at the time were excited aboupgying Shannon's statistical
framework to interpreting and measuring semantics. Wienem [95], wrote that \The amount
of meaning can be measured. It turns out that the less probabh message is, the more meaning
it carries, which is entirely reasonable from the standpadirof common sense.” However, many
scholars also argue that the classical Shannon theory cabramdress the semantic aspects
of communication systems, where Shannon's channel codifgeborem emphasizes reliable bit
transmission, and his source coding theory focuses on ralistortion without considering the
semantic content §6]. These di erent views have, in turn, also spurred advanceents in the

exploration of semantic communication.
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Motivation of semantic communication More recently, there has been a growing interest
in semantic communication systems, primarily driven by theise of Al applications that are
anticipated to dominate the future communication tra c. Existing communication systems
are meticulously designed and optimized to ensure the rddi@ and e cient delivery of data
packets, which are agnostic to the packet's content or its ipact on the receiver. Recent
advances have sparked increasing interest in incorporagicontent semantics and its relevance to
communication objectives into system design, with the aimf@nhancing overall communication

or task performance. The underlying reasons for this trencan be summarized as follows:

" The increasing tra c is going to result in network capacity saturation.

With the rapid advancement of Al, applications such as autonoous driving and multi-
modal large language models are increasingly dominatingethcommunication tra c.
These applications typically depend on extensive data trafers for training large-scale
models or high-volume data exchanges for remote inferenpetentially leading to network
capacity saturation. In response, the communication systeshould not only function as a
passive pipe for bits transmission but also as a semantic-@®w communication framework
with its own intelligence. This shift is crucial, as it ensues that only the critical tra c

pertinent to the task is transmitted at the optimal time and geed.

The demand for low-latency and semantically accurate transssion is growing rapidly

across various applications.

For instance, in video transmission, the rise of applicatis like live streaming, au-
tonomous driving, and real-time factory monitoring is drisng the need for low latency,
particularly in bandwidth-constrained environments. Howeer, the traditional approach
of maximizing video delity with the least number of bits may not always be necessary
for every user or scenario. This is where the incorporatiori imtelligence into the commu-
nication system becomes crucial. It facilitates the e ciehtransmission of task-relevant
or crucial semantic information with minimal delay and highreliability, thereby paving

the way for advancements in low-latency communication.
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" DL-based end-to-end communication paradigms exhibit sigoant robustness to imper-

fect technical transmissions

Recent advancements in deep learning have signi cantly eahced the exploration and
development of deep learning-based end-to-end communioat systems $0], including
areas such as deep joint source-channel codirgp][and goal-oriented communication
frameworks [LO. A key characteristic of these systems is their capabilityor end-to-
end optimization tailored to speci c communication objedves. Advanced deep learning
techniques, such as auto-encoder@y, transformers 7], and di usion models P7], have
shown exceptional pro ciency in generating channel symimby learning semantic repre-
sentations and mitigating the impact of noise in communicéin channels. Additionally,
even in the presence of imperfect technical transmissionshere reconstructed messages
are signi cantly di erent from the original ones, these eneto-end approaches can sustain
acceptable levels of performance for speci ¢ metrics regt to downstream tasks, such
as perceptual quality §7] and inference accuracydl], by e ciently transmitting critical

features under limited resource constraints.

Relevant surveys  With the rising interest in semantic communications, there &s been a

noticeable increase in the number of surveys and tutorialvailable on this subject.

Authors in [50] provide basic information theoretic concepts for sematicommunication from
the viewpoint of JISCC, where several practical frameworksrfgoal-oriented semantic commu-
nication over noisy channels are provided for text, speecand image sources. IMF, semantic
communication is formulated into two fundamental problemslanguage exploitation and design.
The rst focuses on minimizing misinterpretations betweenhe transmitter and receiver when
both have agreed on languages. The second explores how tagieshese languages through
negotiation to convey semantic meaning e ciently. In P9, semantic communications are cate-
gorized into three types: human-to-human, human-to-mache, and machine-to-machine. The
key performance indicators and system design consideratsofor semantic learning in future
wireless communication networks are elaborated in((d. The work presented in 101 focuses

on goal-oriented signal processing, integrating graph-ed semantic language and the represen-
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tation of semantic information into the semantic signal proessing. Di erent architectures for
semantic communication in Al-empowered wireless networkseaexamined in L0 and [103.
The technical aspects and potential applications for integjent and e cient semantic communi-
cation network design are explored in5b|, while [104 delves into the principles and challenges

of deep learning-enabled semantic communications.



Chapter 3

DeepJSCC for adaptive image

transmission over OFDM channels

3.1 Introduction

Recently, researchers have started to exploit deep neuragtworks to design novel and com-
petitive JSCC schemes to transmit high information contentignals, such as images or videos,
over wireless channeldlp, 32, 33, 35, 36, 37, 38, 48, 84]. However, adaptability to various chan-
nel conditions is still a challenge for deep-learning-bakdSCC. Previous methods are either
trained for a speci ¢ SNR, or for a range of channel SNRs. The foer requires signi cant
storage memory to store di erent network parameters for dierent channel conditions, while

the latter sacri ces performance and does not exploit the GS

In conventional digital communication systems, CSI at theransmitter can allow power alloca-
tion to boost the communication rate. In B2, 33, 48], CSl is used in a similar manner in the
context of learning-aided design, mainly to adjust the feate weights according to the CSI;
however, in the case of OFDM, CSI will be instrumental not onlfor power control, but also
to decide the mapping of the features to di erent subcarrier according to their relative qual-
ities. For example, more critical features of the input imag can be mapped to more reliable

subcarriers.

56
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In this chapter, we introduce a channel-adaptive JSCC (CA-JSCOCscheme over the OFDM
channels, which employs a dual-attention mechanism to adjuits features in the multi-scale
intermediate layers according to the estimated CSI at the enoder and decoder. Speci cally,
our dual-attention mechanism employs botlthannel-wiseattention and spatial attention, and
jointly learns to map the features to the subcarriers and tollcate power judiciously. Our
method achieves state-of-the-art performance and can addp di erent channel conditions.

Our main contributions in this chapter can be summarized as:

" To the best of our knowledge, channel adaptability for JSCC Wi OFDM has not been
studied in prior research. Existing methods require the tiaing and testing SNRs to
match without fully exploiting the CSI. Instead, we presenta channel-adaptive JSCC
scheme, which incorporates a dual-attention mechanism tgmamically adjust its features
in the multi-scale intermediate layers based on the estimad CSI at both the encoder
and decoder for the OFDM transmission. Our dual-attention mehanism employs both
channel-wiseattention and spatial attention, which collaboratively learns to map the

features to the subcarriers and to allocate power judiciolys

This chapter conducts a comprehensive validation of the gposed CA-JSCC scheme
through a series of experiments. Speci cally, the invest@gions encompass evaluations of
general performance, channel-gain adaptability, SNR adagdtility, and the impact of noisy
CSI. The proposed CA-JSCC scheme achieves the state-of-thiegerformance in various
SNR and bandwidth scenarios. The proposed dual-attention ieganism can enable the
CA-JSCC to simultaneously exploit the estimated CSI to aid thallocation of features

and power resources to adapt to time-varying channel condins.

3.2 System Model

We consider a general image transmission problem over a geinpoint wireless communication

channel, as shown in Fig3.1 The goal is to transmit an input imageY 2 R F 3 over a wireless
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Figure 3.1: Block diagram of the wireless image transmissi@ystem: (a) the conventional
separation-based scheme and (b) the deep learning based J¥cBeme.

communication channel, where—F and 3 denote the height, width and color channels of the
image. The transmitter maps the source imag¥ into a channel input matrix ~. Due to the
practical considerations, such as limited energy resous;e* is subject to a power constraint
% as: k" k,Z: %, wherek ke is the Frobenius norm operation. Subsequently} is conveyed
through noisy channels, yielding the channel output . This output is subsequently input
into the receiver to reconstruct the source image @82 R F 3. For the traditional separate
transmission scheme, the transmitter sequentially perfiors image compression, channel coding,
and modulation to generate the channel input matrix* . The receiver performs demodulation,

channel decoding, and source decoding sequentially to nesmuct the source image a¥’.

Speci cally, this chapter considers an OFDM-based JSCC schenfior image transmission over
a multipath fading channel with ! ¢ paths. We transmit each input image using#g OFDM
symbols accompanied with# , pilots for channel estimation of! s OFDM subcarriers. As
shown in Fig 3.2, an encoding function ) rst maps the input image Y into a complex matrix
~ 2 C#8's. The generated channel input can be denoted by = )1Y”ﬁ°, where fi is the
estimated CSI vector available at the transmitter. Channelnput ” is subject to an average

power constraint % #Sk" kﬁ % Without loss of generality, we set¥g= 1.

Each OFDM symbol is passed through the inverse discrete Foeritransform (IFFT) module,
appended with the cyclic pre x (CP), and transmitted to the receiver over the multipath
channel. The transfer function of the multipath fading chanel with ! ¢ paths is de ned as:
y = 2x° = hy x, w, wherex and y denote the input and output vectors, respectively;

is the linear convolution operation,h; 2 C' is the channel impulse response, and is the
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Figure 3.2: lllustration of the proposed CA-JSCC scheme, whetke encoder maps the input
image Y and estimated CSIA to the channel input matrix ~ , and the decoder reconstructs the
source asY.

AWGN term. The receiver rst demodulatesy by removing the CP and applying a fast Fourier
transform (FFT). The equivalent frequency-domain transferdnction of ,!° can be written
as:

o8-YE  »YaB-Ya, B-Y (3.1)

where the frequency-domain channel matriN 2 C's 's is a diagonal matrix with the : -th
diagonal element being » Y{frequency-domain channel response of theth subcarrier). Let
~ 2 C*s 's denote the output of the encoder (i.e., the inputs to the IFFT mdule), where
- »8—Ydenotes the symbol at the -th subcarrier of the8th OFDM symbol. ] 2 C#8 ' s is the

frequency domain noise matrix, where »8—% CN0-f2° and independent of each other.

Given the FFT output of the pilots at the receiver, we use minimm mean square error (MMSE)

or least square (LS) channel estimator to estimate the CSI (» %} in frequency-domain (Egn.

(3.2). Thﬁ estimated CSI vect_orﬁ is then used to equalize the data (MMSE equalizer). We
I

have i, j"1j4"2j~ <"1, -" ., where"g 8= 1—«se—4d, is the estimated channel gain of the

8th subcarrier. ~ is the average SNR de ned as:

%
= 10|oglof—‘§3 - (3.2)

where %g is the transmit power andf 2 is the noise power.

Based on the equalized datd', and the estimated CSI vectofi, the decoder s reconstructs

the transmitted image as?, i.e., ¥ = 514f°. The performance indicator is the peak signal-
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Figure 3.3: Basic blocks of our dual-attention encoder and dader architectures, where both
the encoder and decoder are composed of spatial attentiortiks and channel attention blocks
arranged in a comb structure.

to-noise ratio (PSNR), de ned as:

Imax Y2
PSNR=10log oy ——— dB°-— 3.3
40 I SETY {0 (33)

where maxY denotes the maximum possible value of the input signal, MSELY=¥° | »RkY

ngl/zand the expectation is taken over all pixels.

We then jointly train the encoder and decoder to minimize thdoss function: L1)-5° =
E PSNR'Y-¥° , where the expectation is taken over the randomness both ihe source and

channel distributions.

3.3 Proposed method

As shown above, the distinct subcarriers within the OFDM systa experience di erent channel
gains. A judicious transmission scheme should be able to efiigently allocate power and
features across appropriate subcarriers, thereby adapgirto channel variations. To address

this, we propose a novel dual-attention based CA-JSCC schenw fully exploit the estimated
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Algorithm 1 Dual-attention mechanism

Input: Lin2R2 F A2R's!?
Output: Low2R%2 F
Stage 1. Channel-wise attention

1: Lea= E451Li,° 2R?

2: i = 2>=20C4=0C4,—h° 2R2" 5 %

3 Yo = 510 2 R

4: for i= 0:1:c do

5: Leout8— — K& Yora Lin8— —F R'2--F
6: end for

Stage 2: Spatial attention
1: Lsa= E4dplleou® 2RT) R'F?°

2: ig=2>=20C4=0C4N° 2 R'F.!s1°

3 Ys= BiL2RF°) R

4: for j= 0:1:h do

5: for k= 0:1:w do

6: Lout2— 9 Ye»9—¥s Leoue2— 944 R'2-F
7: end for

8: end for

CSI. The architecture of our method is shown in Fig.3.3, both the encoder and the decoder
have ve feature learning (FL) and four channel learning (CL)* modules in a comb structure,
allowing modulating each feature with a di erent scale. TheFL module consisting of 2D
convolution/deconvolution, batch normalization, and paametric recti ed linear unit (PReLU)
layers, is designed to learn an intermediate representatiaof the input. The dual-attention
based CL module is designed to learn an attention mask to mapée intermediate features
to appropriate subcarriers based on the estimated CSI andpuat features. The CL module
consists of achannel-wiseattention module and aspatial attention module. Its operation is

presented in Algorithm 1 in detail.

3.3.1 Channel-wise attention module

Our channel-wiseattention module is inspired by B3], which adapts to a single SNR value in
an AWGN channel model. Instead, CA-JSCC learns an attention ns& to allocate and map

features based on the estimated CSI of aflg subcarriers.

LIn this chapter, CL represents the channel learning modules, derent from CL in Chapter 6 that denotes
contrastive learning.
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We rst apply average pooling E421L,in° on input features L, along the spatial direction to
get vector L¢a, where E451L4° %I 9:1| :le go2— — M4 Lga is then concatenated withh
to get the intermediate vectoric to compute the channel-wiseattention mask Y. by several
fully connected (FC) layers: (2 = 5i:°, where 5 represents the FC layers followed by PRelLU

functions. Finally, we get the output of ourchannel-wiseattention module asLcout = Y¢  Lin.

Our channel-wiseattention module learns to map features from the input to thesubcarriers
based on the estimated CSI, allowing JSCC to dynamically adjtito di erent channel SNRs.
But the spatial information is ignored when computing the chnnel attention mask by the
average pooling operation. So we designsgatial attention module to compensate for spatial

information.

3.3.2 Spatial attention module

Our spatial attention module learns to match the more critical spatial fatures along the and

F dimensions with better channel conditions depending on thestimated CSI.

This time we rstly apply average pooling E4g'L¢ou° On the Loyt @along the channel direction
i

to get Lsa, Where E4gtLcout®, % %:1 »-p2— — & Then, f and L, are concatenated to get

the intermediate featureis, which is used to compute thespatial mask Ys by several FC layers.

We compute the nal output feature vector asLoyt = Ys  Lcout

The spatial attention module can further improve the PSNR performance bgxploiting the
spatial information and helping the JSCC encoder to do more agave power allocation, which

matches critical features with better channels.

3.3.3 Design interpretation

While it is di cult to pinpoint exactly the functionality of C L and FL modules in a complex deep
neural network architecture, these arguments follow the minal intuitions that have motivated

us to introduce these models, and the results of the ablatisiudies that verify their intended
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functionalities. Let us explain our design inspirations, r@d add some ablation experiments later

to verify that the channel-wiseattention and spatial attention models do work as expected.

To better illustrate the CL module design, we here draw the sualization of the FL and CL

modules in Fig. 3.4 and Fig. 3.5to show how our FL and CL modules work.

Figure 3.4: Visualization of FL process.

In the FL module, a convolutional or transposed convolutiorldayer is used to extract features.
To visualize the FL process in Fig.3.4, 2 kernels each of siz&:—:° are used for the convolutional
computation with a stride step Bover a'2g—G-2@ature map @s-= 3), where output will be

padded to the sizel2— eB— .
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Figure 3.5: Visualization of CL process.

In the CL module, each attention mask is generated by the awage pooling operation and two
fully-connected layers, followed by batch normalizationrad the PReLu layer, where details
can be seen from Algorithm 1 in the paper. To visualize the attéion process, we take the

feature map with sizet4-2-2° as an example input and use di erent colors to represent dirent
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scale operations in the attention map over di erent featurearts, as shown in Fig.3.5. Our
channel-wiseattention generates an attention mask with four scale numbg 21— 2— 3— 2 (with

di erent colors) to scale the feature map along di erent feture channels separately. Similarly,

1 22
our spatial attention mechanism generates &2-2° attention mask for features with
3 24

di erent pixel positions.

3.4 Training and evaluation of the CA-JSCC

This section presents numerical experiment results to evalte the performance of our CA-JSCC
scheme. The Exp-JSCC scheme introduced i87 is the most related work to the current study
in the literature. We use Exp-JSCC trained on di erent channkconditions as a benchmark
to compare with the proposed CA-JSCC scheme. If not speci ed legrwise, all experiments
were performed on the CIFAR-10 datasetlDg with PyTorch. Models were trained until the

performance on a validation set (selected separately frorne training dataset) stops improving.

The Adam optimizer is used to perform backpropagation.

For a fair comparison with baselines32, 10§, we set the number of subcarriers td 5 = 64.
The Zado -Chu (ZC) sequence 107, denoted by~ , 2 C'#%¥, is used as the pilot. While the
reduced number of pilot symbols may degrade channel estinat accuracy, DeepJSCC methods
can still achieve competitive performance, as also obsedviea [10§. Furthermore, under a xed
communication budget, allocating fewer resources to pilttansmission allows for more channel
symbols to be used for data, which can enhance overall comneation performance, similar
to [32. This trade-o motivates our choice of using” , 2 C? %4 in our setup. We consider a
slow-fading scenario in which the values of channel gaifs » ¥ : = 1-2—eee—dg are sampled
from a complex Gaussian distributionCN*0-1°, remain constant during the transmission of
each image, and take independent realizations across diestt transmission blocks. Unless
speci ed otherwise, the frequency-domain channel resp@ssin the experiments are estimated
by an MMSE estimator. We also sort the channels based on thasstimated CSI to make the

training process easier; that is, we have »1¥4] j ¥4 Following [35], we de ne the
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Figure 3.6: (a) Comparison of CA-JSCC scheme with Exp-JSCC whehée values of the train
and test SNRs are the same. (b) Ablation experiments for the ahtion strategy. (c) Visual-
ization of the power allocation for the CA-JSCC and the Exp-JSCC

#g! 5

bandwidth ratio (i.e., bandwidth usage to source symbol ré&t) as' , >—¢, where#g! s is

the number of symbols transmitted per image.

3.4.1 Channel-gain adaptability

We rst verify the adaptability of the CA-JSCC scheme to channégain variations. Speci cally,
under a xed bandwidth ratio and a given SNR, we want to see if audual-attention mechanism
can instruct the transmitter to exploit better channels andallocate power to di erent subcarriers

judiciously.

The experimental results are shown in Fi®.6a where we set the number of OFDM symbols
to #g= 8 and the bandwidth ratio to' = 1+6. The Exp-JSCC and CA-JSCC models are both
trained at a xed SNR, and tested at the same SNR. As can be seen, f®eding the estimated
CSI to the transmitter, CA-JSCC can exploit the channel-gainnformation and adaptively
allocate power to di erent subcarriers. We can see a signiamt gain compared to Exp-JSCC
at all SNRs. This can be attributed to the advantage of our methd in better exploiting the

channel gains and allocating power to di erent subcarriers
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Figure 3.7: Performance of CA-JSCC model comparied with the EX(5CC model of di erent
bandwidth ratios.

3.4.2 SNR adaptability

Next, we evaluate the SNR adaptability of our scheme. If not speed otherwise, we train the
CA-JSCC model at random SNR values of each training episode chosuniformly from »0-20v4

dB and test the well-trained model at di erent SNRSs.

Compared with the CA-JSCC scheme trained at speci ¢ SNRs in Fi§.6a we observe that
there is a slight performance degradation when it is traineat random SNR values. We conclude
that, while CA-JSCC can learn to adapt to di erent channel SNRsthis exibility comes at
the expense of some loss in the PSNR (up to 1dB). However, this G&CC model trained at

random SNR values still outperforms the Exp-JSCC models tragd at speci ¢ SNR values.

We also compare the performance of dual-attention based hitecture CA-JSCC with an al-
ternative using only channel-wise attention, called (CA-JSC-CH), as an ablation study. As
shown in Fig 3.6b, for three di erent bandwidth ratios, CA-JSCC architecture outperforms
CA-JSCC-CH at all SNR values, which shows that thepatial attention mechanism is essential
to achieve the improved performance provided by CA-JSCC. Wesal observe larger gains by
our dual-attention method at higher bandwidth ratios and SNRg; values, where more spatial
information and better CSI adaptability bene t both feature mapping and power allocation.
To visualize the power allocation executed by CA-JSCC and ExpsCC, we plot the average
channel gain and the average power allocated to each suboarrin Fig. 3.6 where we set
SNR= 1dB and R=1+6. The channel gains are ordered in an increasing manner inetiplot.

Compared with Exp-JSCC, Fig.3.6cshows that CA-JSCC generally allocates more power for
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Figure 3.8: (a) Additional experiments with training on the InageNet dataset tested on the
Kodak dataset. (b) Comparison of CA-JSCC with di erent channéestimation methods.

the subcarrier with better channel conditions, as one wouldesire.

It is worth noting that the Exp-JSCC scheme is not SNR-adaptivewhich means the training
and test SNRs of Exp-JSCC must match to achieve a sound perfornee, as shown in Fig3.6a
Fig 3.7 presents the PSNR versus test SNR results for bandwidth ratiad ' = 1¢12-1¢6-13
(we set! 5 = 64 and vary #p to attain dierent ' values). As stated above, our CA-JSCC
scheme can be trained with random SNRs, and yields a single nebfbr each bandwidth ratio
to be veri ed on a range of test SNRs. The Exp-JSCC scheme, on thther hand, is trained at
ve di erent SNRs, yielding ve di erent models under each bandwidth ratio. The Exp-JSCC
scheme performs the best when the training and test SNRs matcliowever, our CA-JSCC
scheme is SNR-adaptive and consistently outperforms Exp-JSGt all SNRs and bandwidth

ratios with a considerable margin.

Additional experiments by training over the ImageNet dataseare shown in Fig.3.8a We train
the models with randomly cropped 64 64 patches from ImageNet, and evaluate the models on
the Kodak dataset. Results show that training on a su ciently large dataset (ImageNet) can
allow our CA-JSCC model to perform well on a never-seen datasgf€odak). CA-JSCC can

still achieve state-of-the-art performance with the addibnal capability of channel adaptability.
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Figure 3.9: Di erent structures of CA-JSCC.

3.4.3 Impact of CSI estimation errors

In the above experiments, we have assumed MMSE estimated CHBi this subsection, we look
into the e ect of channel estimation errors on the performare of CA-JSCC. We repeat the
experiment in Fig 3.7b with three types of CSI: i) perfect CSl, 44 ii) MMSE estimated

CSl, <«<pg; and iii) LS estimated CSI, .p We remark that <<g4 provides a more accurate

estimate than g

The experimental results are shown in Fi@®.8b, where we train CA-JSCC models with <<g4
and .44 respectively, and evaluate these two models with,4a <<pa and g respectively.
As expected, the model trained and tested with ,44 achieves the best performance. On the
other hand, the model trained with perfect CSI is not robusta@ CSI errors during test time.
Its performance gets worse as the quality of channel estinian degrades. Instead, we see that
models trained with <4 perform better, since during training they learn to comperate for
CSl estimation errors. We conclude from these results thatrmore accurate CSI during testing
is generally bene cial, and the performance improves if taing is done with the same type of

CSl.

3.4.4 Ablation study

Ablation study over structures: There are three main reasons for the particular comb

structure we used for the CL and FL modules.
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Figure 3.10: Power allocation for CA-JSCC with di erent channkgain distribution.

The comb structure is widely used and e ective for the attenbn mechanism design in the lit-
erature. Previous papers with the attention mechanism aatwved remarkable success in various

vision tasks by arranging feature learning and attention naules in a comb fashiond3, 108 109.

Intuitively, we expect the attention based on the estimatedCSI to be di erent in every feature
learning step, resulting in di erent scales, similarly to 110 111, 1174. That is, the comb
structure allows modulating each feature with a di erent sale, resulting in a more powerful

and richer architecture.

The comb structure A (CA-JSCC) achieves the best performancen®ng the three alternatives
we tried, illustrated in Fig. 3.9, where each FL and CL module have the same parameters as
the Fig. 3.3 Speci cally, the other two structures are denoted as Straare B and Structure
C, where Structure B is to place the CL module in the last layerand Structure C is to use a
skip style to do feature learning and attention learning at e same time. The performances
of the three structures are shown in Fig.3.11, wherein the comb structure achieves the best
performance by a large margin. In addition to the experimeat comparison, which demon-
strates that Structure A achieves the best performance, wésa provide an intuitive analysis to
support this result. Speci cally, from a design perspects, the attention mechanism scales and
masks the features to enable adaptive power allocation. Therab architecture of Structure A
allows the model to learn this masking operation from curreérieature maps and channel state
information. Furthermore, Structure A incorporates a mult-scale attention mechanism, which

enhances representation capacity and leads to improved miEmission performance.
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Detailed ablation study of the CL modules: In intuition, we introduce CL modules
to exploit the estimated CSI simultaneously to help with thesource-to-channel mapping and
power allocation. We expect thechannel-wiseattention mechanism to learn a better JSCC
mapping with SNR adaptability and expect thespatial attention mechanism to learn a exible

power allocation scheme based on the critical features anldacinel conditions.

PSNR (dB)

24 4

231 —#— CA-JSCC with comb structure
—e— CA-JSCC with structure C
—e— CA-JSCC with structure B

25 5.0 . 10.0 125 15.0 175

SNRes; (dB)

Figure 3.11: Di erent structures trained with the random SNRs

Previous JSCC systems could not exploit the CSI for channel aption or feature mapping.
Without the proposed attention mechanism, our method would lao achieve a similar per-
formance to the previous state-of-the-art method Exp-JSCQP over OFDM channels, which
means that the channel adaptability and the overall performnce improvement can be attributed

to the attention mechanism, instead of a di erent network stucture.

To show the power allocation optimization, we plot the aveige channel gain and the average
power for each subcarrier from di erent models in Fig3.10and Fig. 3.12with ' = 1+6. The
average channel gain and average allocated power for eachczurier is the expectation taken
over the randomness both in the source and channel distribahs (average SNR 1dB). Fig.
3.10 (a) compares the power location performance between Exp-JS@nd CA-JSCC, which
shows that CA-JSCC can generally allocate more power for thelstarrier with better channel
conditions. If some sudden changes exist in the channel gamhere we deliberately change
the channel gain in Fig. 3.10 (b), CA-JSCC can still simultaneously allocate power for this

condition.

However, for the CA-JSCC without aspatial attention mechanism, denoted as CA-JSCC-CH,
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Figure 3.12: Power allocation for CA-JSCC-CH with di erent chanel gain distribution.

Fig. 3.12a) shows that the power allocation resembles an average mvallocation strategy
for di erent subcarriers. From Fig. 3.14b), we can see that the CA-JSCC-CH cannot exibly
adapt to the sudden changes in the channel conditions, whietlso shows the power allocation

is mainly based on the source signal instead of the CSI.

In summary, we can argue that thespatial attention mechanism does indeed carry out power

allocation across subcarriers exploiting the estimated €S

3.5 Conclusion

This chapter presents our work on adaptive JSCC image transssion over OFDM channels.
We proposed a CA-JSCC scheme for OFDM channels, where a dualesion mechanism is
employed to exploit the available CSI to simultaneously aidhe allocation of features and
power resources adaptively. The dual-attention mechanisaomprises achannel-wiseattention

module, which learns to map features to subcarriers accandito the CSl, and aspatial attention

module, which learns high-level spatial features, allongnthe JSCC encoder to match the most
important features with the most reliable subcarriers. Nunwcal experiments show that our

method achieves state-of-the-art performance in varioudN& and bandwidth scenarios.



Chapter 4

DeepJSCC for adaptive image

transmission over MIMO channels

4.1 Introduction

While the DeepJSCC schemes for image transmission have dentaied signi cant advan-
tages over AWGN [L5 and OFDM channels B2, 41], as shown in previous chapter, existing
DeepJSCC schemes solely consider single-antenna transergtand receivers. While there is
a growing literature successfully employing DNNs for variouslIMO-related tasks in wireless
communications, such as detection, channel estimation, beamforming B0, 113 114, no pre-
vious work has so far applied DeepJSCC to the more challengijMO scenario, with the
exception of our initial results in B3]. JSCC over MIMO channels was studied inlg from a
theoretical perspective, providing theoretical bounds fahe distortion exponent as a function
of the bandwidth ratio considering Gaussian sources. It ihallenging to design a practical
JSCC scheme for MIMO channels, where the model needs to leaowhto map the input signal
to multiple antennas, and then to recover the input from muliple channel outputs, where each

input-output antenna pair experiences a distinct channelandition.

The advantages of DeepJSCC and end-to-end MIMO schemes in greal MIMO transmission

scenarios have prompted the investigation of DeepJSCC ovelMWD systems. The rst deep

72
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autoencoder (DAE) based end-to-end MIMO communication metd was introduced in 115.
In the subsequent work 116, the authors systematically establish the symbol error ta bench-
marks for MIMO channels by evaluating several DAE-based moldewith CSI. A singular-value
decomposition (SVD) based DAE is proposed irl]7 to achieve competitive performance for
the closed-loop MIMO system with CSI at the transmitter (CST). These works indicate the
potential of end-to-end MIMO communication schemes to enhae transmission quality when
coupled with advanced DL technologies. However, we remarkaththe aforementioned works
focus on the transmission of bits/one-hot vectors for speciSNR values, and do not consider
the contextual features of the input signals, also referretb as “semantics' in the literature
[50, 86], and the model's adaptability to varying channel conditias, as outlined in Table4.1
Two recent studies that are more relevant to this work arelfLl§ and VST [119, where [L1§ the-
oretically analyzes the excess distortion exponent for santic-aware MIMO systems, while the
authors in [119 propose a semantically coded transmission scheme utiigiMIMO, assuming

that CSl is available at the receiver (CSIR).

To the best of our knowledge, prior research has not delvedtonthe specic exploration of
adaptive JSCC MIMO systems designed for wireless image tramission, encompassing both
scenarios with open-loop MIMO with only receiver-side CSOSIR) and closed-loop MIMO with
both transmitter and receiver side CSI (CSIT). Such a systewould be capable of leveraging
the semantics of the source signal and channel conditionsnsitaneously, and e ciently man-
aging both uctuating channel conditions and potential chanel estimation errors, all within a

cohesive framework.

This chapter presents an innovative DeepJSCC scheme metiously tailored for MIMO image
transmission to address the above practical concerns. Oys@oach introduces a uni ed vision
transformer (ViT)-based DeepJSCC scheme, named DeepJSCC-MIMwhich accommodates
both scenarios with CSIR and CSIT. Inspired by the attentiormechanism in developing exible
communication schemes3| 33, 41, 47, 120, we leverage the self-attention mechanism inherent in
VIT for adaptive wireless image transmission. Speci callye represent the channel conditions
with a channel heatmap and adapt the JSCC encoding and decodiparameters according to

this heatmap. Our approach can learn global attention paraeters between the source image
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Table 4.1: Overview of alternative end-to-end MIMO commuration pipelines.
Potential End-to-end DAE SVD-DAE VST [119 Our work
Schemes AE [115 methods [L14 [117
Input One-hot input One-hot input Bits Images Images
CSIR X X 7 X X
CSIT X X X 7 X
Antenna
. 7 7 7 7 X
exibility
Channel
. 7 7 X X X
adaptability
Channel X 7 v 7 X
robustness
Metrics Bit error rate | Block error rate | Bit error rate PSNR PSNR & LPIPS
. STBC /SVD . DL-compression
Baseline SVD+QPSK Plain-DAE BPG+LDPC .
+GS +Capacity
Results Outperform the baseline for CSIR; Outperform Outperform
Outperform the baseline for CSITY the baseline the baseline
Pioneered the Benchmark Evaluate the Semantic First uni ed
Insights DAE-based end-to-end model-driven coding over DeepJSCC over
MIMO MIMO systems DAE CQl 2 MIMO

STBC represents space-time block codes; GS represents geonieditly-shaped signal constellations with
power loading; QPSK is quadrature phase shift keying modulation; SVD $ singular value decompaosition
precoding operation.

y For the CSIT, DAE-based models can outperform baseline at some speci SNRs, but cannot perform

better than properly chosen benchmarks 116|.

z CQI represents channel quality indicators, e.g., the SNR value, whih needs to be assumed accessible for

the transmitter in the open-loop MIMO system.
and the channel conditions across all the intermediate lagge of the DeepJSCC encoder and
decoder. Intuitively, we expect this design to simultanealy learn channel symbol mapping
and power allocation, considering di erent channel condiins, channel estimation errors, and
di erent antenna number con gurations. Therefore, unlikemost existing literature on DNN-
aided MIMO communications, we eliminate the need for traimg separate DNN models for
di erent transceiver settings and channel conditions. Theroposed DeepJSCC-MIMO is a

practical and uni ed scheme with robustness to channel estiation errors.

Our main contributions can be summarized as follows:

" This chapter presents the rst DeepJSCC scheme over the MIMQystem for image trans-
mission. The key innovation lies in utilizing a ViT-based moel, which adeptly exploits

both the semantic features of the image and the CSI through &I§-attention mechanism.
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This design of jointly leveraging attention over both the sorce and channel aspects can

be readily applied to other emerging communication systeneencerning semantic sources.

DeepJSCC-MIMO is a comprehensive and versatile solution thaan be seamlessly ap-
plied to both open-loop and closed-loop MIMO systems. Impiantly, DeepJSCC-MIMO
demonstrates remarkable exibility and adaptability by e ciently accommodating di-
verse channel conditions and antenna number con gurationsThis is achieved without
the necessity for retraining, thanks to the utilization of he channel heatmap and the self-
attention mechanism. Furthermore, the DeepJSCC-MIMO scheenexhibits signi cant

resilience to channel estimation errors.

Extensive numerical evaluations validate the superiorityf the proposed model, show-
casing signi cant enhancements in both distortion qualityand perceptual quality across
a wide range of channel conditions and bandwidth ratios whesompared to traditional

separate source and channel coding schemes.

4.2 System Model

We consider an® " MIMO system, where an” -antenna transmitter aims to deliver an image
Y2R F 3toan" -antenna receiver. Note that we consider a standard scenatig= #a=" )
for analytical simplicity. However, the proposed JSCC schems not restricted to this setting
and can be readily extended to con gurations with unequal aanna numbers. The transmitter
encodes the image into a vector of channel symbdis2 C* *, where: denotes the number of
channel uses dedicated to transmitting one image. We de néé bandwidth ratioas' , :e=
representing the average number of available channel synib@er source dimension, where
== 3F is the number of source symbols. The transmitted signdl is subject to a power

constraint % as: %k" k> %, where we setg= 1 without loss of generality.

The channel model can be written as:

=N~ - (4.1)
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where” 2 C" “ and_ 2 C" ‘ denote the channel input and output matrices, respectively
while] 2C" ‘ is the AWGN term, whose entries »8-% CN0-fZ° follow an independent
and identically distributed (i.i.d.) complex Gaussian difribution with zero mean and variance
f 2. The entries of the channel gain matrixN 2 C* " also follow a complex Gaussian distri-
bution with zero mean and variance 2, i.e., N>8—8 CN0-f2°. We consider a block-fading
channel model, in which the channel matrixN remains constant for: channel uses, corre-
sponding to the transmission of one image, and takes an inagqlent realization in the next

block.

Given the channel output_, the receiver reconstructs the source image &2 R F 3. The
reconstruction quality is quanti ed through the PSNR and thelearned perceptual image patch
similarity (LPIPS) metrics [121]. The PSNR metric serves as an indicator of image distortion
at the per-pixel level betweenY and ¥. LPIPS, on the other hand, computes the dissimilarity
between the feature vectors of the input and reconstructedhages, where a lower LPIPS score

implies a better perceptual quality, de ned as:

0
LPIPS1Y-X° L kwi Ty 9lole— (4.2)

N
wherey'9' 2 R : - are the intermediate features derived from the-th layer of the given
network (VGG in our case) composed of a total df layers. .—,.—and . are the intermediate

feature map's height, width, and channel dimensionsy' 2 R : is the weight vector, and is

the channel-wise feature multiplication operation]21].

As shown in Fig. 4.1, there can be two approaches to solve this problem, i.e., theaditional
separate source and channel coding scheme and the JSCC scherhes chapter considers both
the CSIR (open-loop MIMO) and CSIT (closed-loop MIMO) scen@s for each transmission

scheme.
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Figure 4.1: Block diagram of the MIMO image transmission sysi: (a) conventional separate
source-channel coding scheme and (b) DeepJSCC scheme, whieegray blocks with dashed
lines are the additional operations for the closed-loop MI® system.

4.2.1 Open-loop MIMO with CSIR

In an open-loop MIMO system, CSl is only available at the reoeer, enabling it to equalize the

transmitted signals and subsequently decode the image.

Separate source and channel coding scheme In an open-loop MIMO system with sep-
arate source and channel coders, the transmitter follows acgiential process, applying source
coding, channel coding, and modulation in order. We note thadue to the lack of CSlI, the
transmitter has to choose the compression and channel coglirates and the constellation in-

dependently of the current channel realization.

Given the received signal and the CSlI, the receiver decodes the source signal¥aby sequen-
tially performing the MIMO detection, demodulation, chanrel decoding, and source decoding

operations.
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DeepJSCC scheme  Di erent from the traditional separation-based scheme, Dibased JSCC
scheme uses a joint source-channel encoder at the transmiftdenoted as5, to directly map
the source signalY into the channel input matrix ~. The encoder§ is trained to achieve the
best end-to-end performance across diverse channel resdlans in an average sense since the

transmitter does not have access to CSI. This process can lepresented as”® = 51Y°.

At the receiver, a MIMO equalization algorithm, such as zerforcing (ZF) or MMSE, is em-
ployed rst to exploit the CSI to decouple the entangled sigal _ as”°. Subsequently, a JSCC
decoder, referred to asy, is employed to reconstruct the source signal based on theadable

CSl represented by K, f 2), along with ~°. This can be expressed ast = 51 CN—fZ2°.

An alternative approach is to learn the decoding process datty using the CSI without ex-
plicitly performing channel equalization. This involves taining the model to minimize the
distortion in an end-to-end manner. However, in order to achve better transmission quality,
we adopt a model-driven approach that explicitly performshannel equalization prior to the
decoding process, leveraging the domain knowledge to siifypthe learning process, similarly

to [32, 114.

4.2.2 Closed-loop MIMO with CSIT

Within a closed-loop MIMO system, the CSI is accessible to bothe transmitter and receiver,
which allows them to apply precoding and power allocation dahe transmitter, as well as MIMO

equalization at the receiver, thereby improving the imageransmission quality.

Separate source and channel coding scheme The transmitter sequentially performs
source coding, channel coding, and modulation to generateet channel input matrix ~, the
elements of which are constellations with average power nmalized to 1. Additional opera-
tions at the transmitter with CSIT are precoding and power dbcation, which can boost the
communication rate. Speci cally, given the CSI, we rst deompose the channel matrixN by

SVD, yieldingN =[ \ N, where[ 2C" " and\ 2 C" " are unitary matrices,\ is the
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conjugate transpose of , and is a diagonal matrix whose singular values are in descending

order. We denote by diag'B—B-+++—~B, whereB B B .

We denote the power allocation matrix by , where is diagonal, with its diagonal elements
being the power allocation weights for the signal streams séparate antennas. can be derived
using the standard water- lling algorithm [127. With power allocation and SVD precoding

(precoding” into \* ), Eqgn. (4.1) can be rewritten as:

=N\ "~ ] =] A ) (4.3)

Multiplying both sides of Eqn. 4.3) by [ (MIMO detection) gives us:

AO= A ] e (4.4)

SVD-based precoding converts the MIMO channel into a set of @dlel subchannels with dif-
ferent SNRs. In particular, the SNR of the8th subchannel is determined by the3th singular

value of B and the 8th power allocation coe cient of

Given 202 C" ‘| the receiver performs demodulation, channel decoding,disource decoding

sequentially to reconstruct the source image &&

DeepJSCC scheme  For the DeepJSCC scheme, we exploit DL technologies to paraerze
the encoder and decoder functions, which are trained joigtlon an image dataset and the
channel model as in Eqn. 4.1). Let us denote the DeepJSCC encoder and decoder Byand

5%, respectively, where) and 5 denote the network parameters. We havé = 51Y—N—fé°.

Unlike the separate source-channel coding scheme, the traniger does away with power al-
location. Instead, we leverage the DeepJSCC encoder to penfiofeature extraction, channel
symbol mapping, and power allocation all at once. Intuitiviy, the DNN is expected to trans-
mit critical features over subchannels with higher SNRs, tmeby improving the transmission

performance.
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We note here that one option is to train the encoder/decoderatworks directly, hoping they
will learn to exploit the spatial degrees-of-freedom thatite MIMO channel provides. Instead,
We will follow the model-driven approach, exploiting the SVDand rst converting the MIMO

channel into subchannels. The received signal can then beittem as

_=N = M (4.5)

To simplify the training, we apply MIMO equalization at the receiver by left multiplying both
sides of Egn. 4.5 by Y[ to obtain

AO= =~ 1T (4.6)
where] ©, Y[ N] 2C" ° is the equivalent noise term, Y is the Moore-Penrose inverse of

matrix , and[ is the conjugate transpose of matriX .

Finally, we feed both” 9 and the CSI into the DeepJSCC decoder to recover the image as

¥ = 51rON—f20. (4.7)

In summary, our DeepJSCC framework integrates well-establied algorithms, such as SVD-
based precoding and equalization operations, from prev®umodel-driven MIMO solutions.
The objective is to improve the end-to-end performance of ¢hDL-based JSCC approach by

exploiting domain knowledge from conventional MIMO design

4.3 Proposed method

This section presents a novel DeepJSCC architecture calleg&JSCC-MIMO, which aims to
enable e cient image transmission in MIMO systems. The piplne of our DeepJSCC-MIMO
scheme is depicted in Fig. 4.2 and outlined in Algorithm 2. In this scheme, DeepJSCC-

MIMO employs a pair of ViT-based encoder§ and decoder% to encode and decode channel
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Figure 4.2: The pipeline of the DeepJSCC-MIMO scheme, whereetlsource imagé is encoded
by a ViT-encoder and reconstructed by a ViT-decoder a8. Precoding operation in dashed
line will be performed if the CSl is available at the transmier, and the CSI (N—fZ) is fed to
the encoder, if available, and decoder in the form of a \heatp" S to facilitate the JSCC
encoding/decoding process.

symbols, utilizing the inherent self-attention mechanisnover both source features and channel
conditions. Further elaborations on the inner structures fothese ViTs are provided in Fig.
4.3. In the following, we detail the pipeline of DeepJSCC-MIMOn ve main steps: image-to-
sequence transformation, channel heatmap construction, Mencoding, ViT decoding, and the

loss function.

4.3.1 Image-to-sequence transformation

To construct the input of DeepJSCC-MIMO, we rst convert the three-dimensional input image
Y into a sequence of vectors, denoted bYs = SedY°. Specically, given a source image
Y2R F 3 we divideYinto a grid of ? ? patches, and reshape each patch into a vector of
dimension RS_?%. In this way, Y is converted toYs 2 R 2, where; = 22 is the sequence length

and 2, 25 is the dimension of each vector in the sequence.
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Figure 4.3: The architecture of the ViT-based encoder and deder, where both encoder and
decoder comprise linear projection layers, a positional &edding layer, and multiple trans-
former layers.

4.3.2 Channel heatmap construction

To enable e cient training, we construct a channel heatmaprom CSI, indicating the e ective
noise variance faced by each channel symbol generated by ViEt us de ne V, 2 R" * as the
average power of the equivalent additive noise terin . Speci cally, for di erent scenarios, V,,

is de ned as:

éfélNW Nw°P .— MIMO with CSIR
Vi, (4.8)

_Efé o - MIMO with CSIT —
where denotes the Hadamard product andN,y is the element-wise conjugate of matrisN,y,
which is obtained from the zero-forcing operation asf\y, , *NNN° INN and Pis the matrix

of ones.

Then the heatmapS 2 R %~ is constructed as follows:S , reshape concat %Vn—%vn ,
whereconcat?® ° and reshape? ° denote the concatenation and reshape operations, respeely.
We concatenate two matrices;V, to get the shape oR" 2, and reshape it intoS 2 R’ .

which represents the equivalent noise term faced by each Ireacoder output element.

We expect that feeding the CSI in the form of a heatmap will siplify the training process as
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the model only needs to focus on the “additive' noise powerccé by each channel symbol. As
we will show later, this design enables our model to be useddan various antenna numbers

without retraining.

4.3.3 VIiT encoding

For the two scenarios, the input sequences to our ViT encod¥y, 2 R* %= are given by:

gYs— MIMO with CSIR
Yin = (4.9)

_Econcatle— °— MIMO with CSIT —

where the dimensions of the vectors in these sequences 2&ye= 2 and 2-= 2, £ for the

MIMO with CSIR and MIMO with CSIT scenarios, separately.

The architecture of our encoder is shown in Figd.3, which mainly consists of linear projection

layers, a positional embedding layer, and several transfoer layers.

Linear projection and positional embedding: Yin is rstlinearly projected by ] o 2 R%=3
followed by a positional embedding operatiofq! © to get the initial input Lo 2 R 2 for the
following transformer layers:

Lo = Yin] 0, %*p°— (4.10)

where 3 is the output dimension of the hidden projection layer. Posonal embedding % °
serves the purpose of representing the spatial arrangemefitsequences for better performance,
where two typical methods are dense layer-based position feedding (DPE) [123 and condi-
tional position embedding (CPE) [L24. In speci ¢, our %! ° is implemented with a DPE that

employs a dense layer to embed the index vectgrof each patch into a3 dimensional vector.

Transformer Layer:  As shown in Fig. 4.3 the intermediate feature mapL; is generated

by the 8C transformer layer by a multi-head self-attention (MSA) blok and a multi-layer
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perceptron (MLP) layer as:
Li="( 'L, "1% (L 1% (4.11)

whereL; 2 R 2 is the output sequence of th&th transformer layer, Gaussian error linear unit
(GELU) activation and layer normalization operations are aplied before each MSA and MLP

block.

Each MSA block consists oft g self-attention (SA) modules with a residual skip, which can
be formulated as: "(  Li® = Li, »( 1L~ —( #g'Li°% i, where the output of all SA
modules( Li° 2 R 38 are concatenated for a linear projectioh ; 2 R%#8 3, 3g= 3e#gis the
output dimension of each SA operation. For each SA module, éhoperations are formulated
as:( L, °=B>5 C<O®'% v, where theg—k-v 2 R' 38 are the query, key, and value vectors
generated through three linear projection layer$ ¢"] k"] v 2 R® 3 as: q=L 4] - k=

Li 1] k= v=1L; 1] v

Linear projection and power normalization: After ! ctransformer layers, we apply a
linear projection] .2 R® = 1o map the output of the transformer layersLg, to the channel
symbols as:" ¢ = Lr] ¢, where” ¢ 2 R =~ is then reshaped and normalized to satisfy the

power constraints to form the complex channel input symbol8 2 C’

4.3.4 VIiT decoding

Channel equalization:  To simplify the decoding process, we perform an equalizati@pera-
tion on the channel output_ to decouple the transmitted data of each antenna as°2 C’
before feeding the signal into the VIiT decoder. We apply di et equalization methods for

the MIMO systems with CSIR and with CSIT:

, %Nw_h Bk -N°— MIMO with CSIR

N

(4.12)
? VN MIMO with CSIT »
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Figure 4.4: Structure of DL-aided channel equalization metid, where the input at the 8th
channel use is the concatenation of all elements withid and the channel output

To perform MIMO equalization in an open-loop MIMO system wih CSIR, we designed a DL-
aided equalization method to retrieve the transmitted sigal ~° from _, as detailed in Fig.

4.4

Speci cally, we add a residual block, denoted a% 48 °, to learn the compensation after the ZF

channel equalization operation based on the received sig;mand CSlI, given as:

AO= Ny_, Sud —N° (4.13)

=7 Nl . Sud —No-— (4.14)

where] ©, Ny] 2C" ‘ is the equivalent additive noise term from the channel. Theesidual
operation S © encompasses two linear layers, parameterized with;; 2 R'2" .2 ° 128 gpq

] r22R¥2 2" and a PReLU activation function, formulated as:
S48N—_°, PReLUfreg,] r1°] r2— (4.15)

where the elements oN and _ in each time slot are concatenated to form an inpufes, ,
concatN”_° 2 R?" % 2" for the residual block. We jointly optimize this residual bbck with
the whole pipeline and expect it to compensate for ZF equadizon when faced with channel
estimation errors. Note that we can also apply other MIMO equaation methods. However,
we have observed that a simple ZF estimation method, togethwith a learned compensation,

is su ciently e ective. Moreover, the ZF method converts the MIMO channel into equivalent
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parallel sub-channels, which suits our approach of apphgrthe self-attention mechanism over

di erent sub-channels and source signals.

To perform MIMO equalization in a closed-loop MIMO system wh CSIT, we perform SVD
decomposition and precoding as in Eqn.4(5). At the receiver, we perform equalization as in
Eqgn. (4.6) to get:

M= =~ N - (4.16)

[— 5

which converts the MIMO channel into a set of parallel subclmaels.

In summary, the proposed DeepJSCC-MIMO scheme obtains disamgled channel output” °

via channel equalization procedures, which is shown to imgwe decoding performance.

Given the equalized signat* ®, which is reshaped into’\g 2 R “~, and the noise heatmap
S, a ViT-based decoder5; is designed to recover the source image &s= 551"2—8 °, Our
ViT-based decoder consists of a Siamese layer, positionalbemding layer, transformer layer,

and linear projection layer, elaborated upon below:

Siamese layer and positional embedding: We design a weight-shared Siamese layer, de-
noted as Siam °, consisting of several linear projection layers and GelLU ta@tion functions.

To form the input of the Siamese layeryy, we concatenatef‘g and S as:
Yq = concatl"g—s 02 R e (4.17)

Yq multiplied by 1 and 1 are fed into several linear projection layers and GeLU furions, as
illustrated in Fig. 4.3 In doing so, our networks are tasked with handling the posite and
the negative noise realizations through two parallel brahes, and subsequently, the resultant
features are aggregated by a linear layer to obtain the nalwput. We expect that these
GeLU functions and linear projection layers can learn to tnucate excessive noise realizations
to bootstrap the performance §]. To introduce the positional information in the decoding
process, we use the same positional embedding layer as in BEgn. (4.10 to get the output

Jo 2R 3:Jg=SiamtYq°, %t p°.
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Algorithm 2 Algorithm of the DeepJSCC-MIMO scheme

For the transmitter:

Input: Y2R F 3, S 2R *~ (MIMO with CSIT)

Output: ~ 2C
1 Ys= (4@Y° 2R’ 2
2: if MIMO with CSIR then

3: Yin = Ys

4 N = R1Yj,°2C

5: else if MIMO with CSIT then
6: Yin = 2>=200(-S °

7. N =5/1Y°2C

8: N=[ \N

9: AT

10: end if
Channel model: _ =N~ | ]

For the receiver:
Input: _2C" *,N=[ \ NS
Output: Y2R F 3

1: if MIMO with CSIR then

22 7O=Ny_, Sud "N

3: else if MIMO with CSIT then
4: ANO— y[ N_

5. end if )

6: A02C" 11 AO2R

7

¥ = 512>=2002 25 00

* Image Sequentialization

* VIT encoding

* ViT encoding
» SVD decomposition
* Precoding

» DL-aided equalization
» SVD-based equalization

* Reshape
* VIiT decoding

Transformer layer:  After the Siamese layer and positional embedding, o is passed through

I ctransformer layers, where

Ji="(

1110, "% 1

(4.18)

whereJ ; 2 R 2 is the output of the 8th transformer layer at the decoder, and the'(  and

"1% blocks share the same structure as those in Eqré4.11).

Linear Projection:  Given the output of the ! cth transformer layer J g, we apply a linear
projection] out 2 R® 2, and then reshape the output into a matrix of siz& F 2 to reconstruct

the input image as:¥= reshapetJ r] out®
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4.3.5 Loss function
The encoder and decoder are optimized jointly to minimize &hloss function
Lt)-5°=MSELY-Y° _ LPIPStY-{°o- (4.19)

where we introduced an additional LPIPS term 129 with _ = 01, which is set into 0 when
optimizing the PSNR metric. We train the model to search for tk optimal parameterst) -5 ©
with a minimal L*)-56° as: *) -6 ° = argminysE L*)-5° , where the expectation is taken

over the image and channel datasets.

4.4 Training and evaluation

This section conducts a set of numerical experiments to euake the performance of our
DeepJSCC-MIMO in various bandwidth and SNR scenarios. Unlestated otherwise, we con-
sider a 2 2 MIMO system and the CIFAR10 dataset, which has 50000 image#thvdimensions

3 32 32 (color, height, width) as the training dataset and 10000nages as the test dataset. We
employ both the practical separation-based codes and thetical bounds (assuming capacity-

achieving channel codes) as benchmarks.

4.4.1 Experimental setup

For the practical separation-based coding scheme, we use tBPG codec 39 as well as the
state-of-the-art neural compression algorithms[ 64, 65, 66, 67] as the source coding method.
For channel coding, we consider LDPC codes at ratess @2« 3-3*4-5¢6) and various constella-
tion sizes. A lower LDPC coding rate can yield improved charmh coding results but at the cost
of a reduced compression rate with notable performance redion, especially in very low coding
rate regimes and short block length scenarios. In particulawe adopt WiFi (IEEE 802.11n)

LDPC code construction, featuring block lengths of 648, 189 and 1944 bits and 4-QAM,
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Figure 4.5: Performance comparisons between the proposedep#&CC-MIMO and BPG-
Capacity over di erent SNR values and bandwidth ratios for tle MIMO systems with CSIR.

16-QAM, and 64-QAM constellations. For each channel conditioand scenario, an exhaustive
search for all samples is conducted across all combinatiosischannel coding rates and con-
stellation orders, each associated with its respective cpnession rates. The best performances
are subsequently identi ed and employed as the benchmarkrfthe given channel condition
and scenario. Although exploring a larger set of code rate ammbnstellation combinations
could potentially enhance performance, the improvement it expected to be signi cant and
the overall performance is inherently constrained by the pacity-achieving separation-based

scheme, as elaborated subsequently.

For the theoretical bound, we assume capacity-achieving amnel codes for transmission, de-
noted as the BPG-Capacity scheme. For the MIMO system with ¥, we apply the water-

lling algorithm for power allocation among the parallel clannels formed after Eqn. 8. For the
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Figure 4.6: Visual comparisons of images from the Kodak dataseansmitted over the open-
loop MIMO channel at SNR 5 dB and 12 dB with' = 1¢24. The rst and second columns are
the original image and the original patches of the bounding &es.

open-looop MIMO system with CSIR, we assume that the transittér knows the instantaneous
capacity of each channel block without power allocation, @ahcan select the best compres-
sion rate. Note that, in practice, the transmitter does not hee access to the CSI, and would

probably employ a conservative compression rate to avoid @fential outage.

Our model was implemented in Pytorch with two GTX 3090Ti GPUs. We use a learning
rate of 54 ® and a batch size of 128 with an Adam optimizer. Models were trad until the

performance on a validation set stopped improving. Consideg the model complexity and the
performance, we sef = 8, ; = 64, 2 = 48 for image vectorization, and ¢c= 8, 3 = 256, and

#g= 8 for each transformer layer of the VIiT.

Each element ofN is sampled from a complex Gaussian process as8—% CN0-1°, where

we setf 2= 1. To measure the channel quality, we de ne the channel SNR, mated by *, as:

Ena KN k2 Y, "
, 10logg = 5, dB°=
1 K] k“Ya

AN

(4.20)




4.4. Training and evaluation 91

4.4.2 Open-Loop MIMO system with CSIR

We rst evaluate DeepJSCC-MIMO in the open-loop MIMO system wh CSIR. Speci cally, we
compare DeepJSCC-MIMO, trained at speci ¢ SNRs, with the BPGzapacity and BPG-LDPC
schemes at di erent SNR values and bandwidth ratios. For the BG-LDPC scheme, we apply
the sphere decoding (SD) algorithm1]2§.

General performance: Fig. 4.5aand Fig. 4.5cshow the PSNR performance of the DeepJSCC-
MIMO, BPG-Capacity, and BPG-LDPC schemes over the SNR valugsom 0 dB to 20 dB when
the bandwidth ratio is ' = 124 and' = 1+12. We can observe that our DeepJSCC-MIMO
can generally outperform the BPG-Capacity and BPG-LDPC sammes in all SNR values. We
emphasize that the BPG-Capacity performance shown in thesgures is not achievable by
practical channel coding schemes. Thus, it serves as an uppeund on any separation-based
scheme that employs BPG for compression of the input image. eMWbserve that DeepJSCC-
MIMO provides signi cant improvements (at least 23 dB and 205 dB) for' = 124, compared
with the BPG-Capacity scheme and the BPG-LDPC scheme, resgievely. For ' = 112,
our DeepJSCC-MIMO can still outperform the BPG-Capacity schme (at least 677 dB) and
the BPG-LDPC scheme (at least ®©3 dB) in all SNRs. We observe that the gap between

DeepJSCC-MIMO and BPG capacity is larger in the lower bandwiti ratio case.

We observe in Figs.4.5b and 4.5d that DeepJSCC-MIMO achieves the best perceptual per-
formance across a range of channel conditions and bandwidttios. Especially in poor SNR
conditions, DeepJSCC-MIMO exhibits a substantial improveent over BPG-LDPC and BPG-
Capacity, with a maximum LPIPS discrepancy of &9 and 335 at SNR 1dB for CIFAR10,

respectively.

SNR-adaptability: Note that each point on the DeepJSCC-MIMO curve is obtained by
training a separate encoder-decoder pair. We also consi@derandom SNR training strategy to
evaluate the SNR adaptability of the DeepJSCC-MIMO scheme, deted by DeepJSCC-MIMO-

universal. We train the model with random SNR values unifornyl sampled from»0-22/4dB and
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Table 4.2: Comparison of DeepJSCC-MIMO with separation-bad baselines employing di er-
ent compression algorithms, LDPC code and sphere decoding the open-loop MIMO system

on the Kodak dataset when(#' =5 dB.
Bandwidth ratio 1e24 | 112 | 1-8 1.6 1-4

BPG-LDPC[39 | 24505 | 2550 | 2702 | 2821 | 2970
MBT2018-LDPC[64] | 2448 | 26003 | 2764 | 2891 | 30-39
VTM-LDPC[ 65 | 2481 | 2631 | 2791 | 2915 | 3068
ELIC-LDPC[66] | 2499 | 2654 | 2816 | 2935 | 3085
DeepJSCC-MIMO | 2943 | 3045 | 3117 | 31'56 | 3192

=01 =02

512 768 PSNR (dB) 2822 2%78 2684

Ground Truth Original Patch

PSNR (dB) 2646 2544 2514 2435
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Figure 4.7: Visual comparisons of images reconstructed by [Pd&CC-MIMO-universal in the

presence of channel estimation errors, where the model iaitred on the ImageNet dataset and
validated on the Kodak dataset at SNR=12 dB and = 1+24. The rst and second columns
are the source image and the image patch from the red boundibgx of the original image.

The third to sixth columns are the reconstructions of the sam patches by DeepJSCC-MIMO
universal with di erent channel estimation errors, respetvely. The average PSNR metrics of
the entire image are provided at the bottom of each visualidepatch.

test the well-trained model at di erent SNRs. The comparisos in Fig. 4.5 show that there is
a slight performance degradation compared to training a sefate DeepJSCC-MIMO encoder-
decoder pair for each SNR (up to€9Q9 dB for' = 1+24 and 3202 dB for' = 112); however, the
DeepJSCC-MIMO-universal brings signi cant advantage in tems of training complexity and
storage requirements. We can conclude that the DeepJSCC-M@Auniversal scheme learns to
adapt to di erent SNRs from the random training strategy at the expense of a slight loss in

PSNR, which tends to increase with SNR.

High resolution datasets and di erent bandwidth ratios: To further study the e ect

of bandwidth ratio and channel SNR on the performance, and duate the model's general-
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izability, we train and test the DeepJSCC-MIMO scheme with vaous bandwidth ratios and
SNRs individually over the Kodak dataset. Speci cally, we tain the models with randomly
cropped 128 128 patches from the ImageNet dataset, and evaluate the walhined models on

the Kodak dataset.

In Fig. 4.6, we present visualization examples of images transmitteq DeepJSCC-MIMO and
BPG-LDPC schemes at 5 dB and 12 dB wheh = 1¢24, where SNR values and PSNR of the
entire image are provided at the bottom of each visualized f@h. It can be observed that
reconstructed by DeepJSCC-MIMO are qualitatively better wh more detailed high-frequency
features. The comparisons here can clearly show the advag¢s of the DeepJSCC-MIMO
in high-resolution datasets. We also conclude that traingp on a su ciently large dataset
(ImageNet) can allow our DeepJSCC-MIMO scheme to perform wedh a never-seen dataset

(Kodak) for a wide range of bandwidth ratios.

We also evaluate the model across various bandwidth ratioaé compression algorithmg], 64,
65, 66, 67] when SNR=5 dB over the Kodak dataset, as shown in Table4.2 We want to
emphasize that the sphere decoding algorithm in separatidrased schemes is a much better
MIMO detection method with higher computation complexity,compared with ZF employed by
DeepJSCC-MIMO. We can observe that the superiority of DeepJSEMIMO persists across
various bandwidth ratios and compression algorithms, wherthe gap is even larger at low
bandwidth ratios, which shows that DeepJSCC-MIMO outperfans traditional schemes despite

using a weaker detection algorithm.

Robustness to channel estimation errors: We take the same approach as inlp7 to
evaluate the robustness of MIMO systems to channel estimati errors, whereN is imperfectly
estimated asil at the receiver. Similar to the work inLl27, 128 129, let K=, N N, where the
entries of K- are zero-mean complex Gaussian with varianég. Heref 7 is the “noise variance'
term to capture the channel estimation quality, which can bappropriately selected depending

on the channel conditions and channel estimation method.

We evaluate the DeepJSCC-MIMO-universal and BPG-LDPC schess with dierent f 2 2
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Table 4.3: Comparisons of DeepJSCC-MIMO-universal and BPEDPC schemes with sphere
decoding operations under channel estimation errors overe Kodak dataset for' = 124
Di erent SNR est (dB) 5 7 9 12
DeepJSCC-MIMO ( 7 =0) | 2938 | 30"08 | 30"80 | 3162
DeepJSCC-MIMO ( 2 = 02) | 2918 | 2986 | 30:53 | 31.33
DeepJSCC-MIMO ( 2 =1) | 2873 | 2949 | 30,08 | 3078
BPG-LDPC (f 2 = 0) 2405 | 2723 | 2892 | 3027
BPG-LDPC (f 2 = 02) 1865 | 2127 | 2321 | 2484
BPG-LDPC (f f =1) 1501 | 1537 | 1572 | 1603

f0-0-2-1g values over dierent SNR values on the Kodak dataset witH = 1¢24. For the
DeepJSCC-MIMO-universal scheme, we train and test the modebth with imperfect K. The
experimental results are shown in Table4.3. As expected, for both schemes, the performance
degrades as the channel estimation error increases. In spedor f 2 = 02, the performance
loss of our DeepJSCC-MIMO scheme is up tod® dB, compared with the performance loss up
to 5496 dB from the BPG-LDPC scheme. Forf 7 = 1, the BPG-LDPC scheme starts to fail
to work. However, our DeepJSCC-MIMO scheme can still work deigp experiencing a limited
performance decrease of less thasB@ dB, which mainly arises from noisy channel equalization

operations.

To visualize the performance of DeepJSCC-MIMO-universallseme in the presence of channel
estimation errors, we present the reconstructed images Wwiti erent channel estimation errors
in Fig. 4.7. We can observe that the increasing channel estimation errcs re ected in the
gradual loss of high-frequency details during transmissio We want to emphasize that even
with a signi cant channel estimation error ( 7 = 1), DeepJSCC-MIMO continues to function,
with only limited performance loss, compared with the sigrdant performance loss with the
traditional separation benchmark. We can conclude that th@roposed scheme is more robust

to channel estimation errors, as it can learn to compensaterfit during transmission.

Model e ciency and other architectures: The proposed DeepJSCC-MIMO scheme is
versatile and can be seamlessly integrated with various meirk architectures. Table4.4presents
the model size, oating point operations (FLOPs), PSNR perfanance, and computational com-

plexity for alternative DeepJSCC architectures with di erent block numbers when transmitting
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Table 4.4: The number of parameters (millions), FLOPs (G), PSR performance (dB), and
encoding / decoding time (ms) for di erent backbones acros&rious basic block numbers ¢

Number of basic blocks !¢ 4 8 12
Proposed method 6.61 12.92 19.23
Parameters DeepJSCC-CNN 6.89 20.00 33.11
DeepJSCC-Swin 8.89 1521 21.52
Proposed method 043 083 1.23
FLOPs DeepJSCC-CNN 0.83 1.67 251
DeepJSCC-Swin 122 223 3.24
Proposed method 23.76 24.41 24.32
Performance DeepJSCC-CNN 22.83 2354 23.04
DeepJSCC-Swin 22.67 23.61 23.22
Proposed method 014;,3% | 2,°3°
Complexity DeepJSCC-CNN Ot?2 2 g .pg
DeepJSCC-Swin 014;3%2 2" 2;3°
Encoding time / BPG-LDPC (CPU) 37.25/71.28
decoding time | Proposed method (GPU) 482/ 5.16

a single sample from the CIFAR10 dataset undéer = 1.24 and SNR=5 dB.! crepresents the
number of basic blocks in di erent DeepJSCC architectures.p@cially, each CNN blockp2, 41]
is characterized by kernel size, feature size , along with input / output channel numbers
s=/  spe On the other hand, each Swin block within Swin-based DeepJ&{34, 119 is char-
acterized by the window size' g, sequence length, and hidden dimension3. We can observe
from our experiments on CIFAR10 dataset that the proposed mkebd maintains the lowest
parameter and FLOP counts when achieving the best transmissi performance, reducing the

memory consumption and FLOP operations by up to 444% and 634%, respectively.

Considering computational complexity, the proposed DeepT& method and CNN-based Deep-
JSCC methods exhibit quadratic computation complexity corerning the sequence length or
input size. This underscores the necessity for meticulougsign of patch sizes, particularly
when dealing with high-resolution images such as 2K images, alternatively, Swin block can
be employed as an optional solution. It is also noteworthy #t the inherently parallelizable
architecture of our approach renders it particularly e cient for deployment on GPU-like sys-
tems, as opposed to conventional methods typically tailogdefor optimization on CPUs. The

DeepJSCC-MIMO scheme implemented on a GPU is signi cantly $éer compared to the tra-
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Figure 4.8: Performance of the proposed DeepJSCC-MIMO modeinspared with the BPG-
Capacity benchmark at di erent channel SNR and bandwidth raib scenarios for the closed-loop

MIMO.

ditional scheme executed on a CPU with the iterative decodinalgorithm.

In summary, the proposed ViT-based solution signi cantly rduces both the inference com-
plexity and parameter count. Furthermore, it is feasible toretain the total coding time of
DeepJSCC-MIMO within 10 ms, which can be further reduced by enmpassing alternative

hardware, di erent architectures, optimized implementaions, and acceleration techniques.

4.4.3 Closed-Loop MIMO system with CSIT

In this section, we consider the closed-loop MIMO system witCSI at the transmitter as
well as at the receiver. We evaluate the DeepJSCC-MIMO traideat speci c SNRs with

SNRest 2 0-2074dB in three bandwidth ratios' = 1¢24,' =112 and' = 1+6.

General performance: As before, we rst evaluate the DeepJSCC-MIMO model under

the setup where the training SNR, denoted byYSNRy,in matches the test SNR,SNRgst. In
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particular, we set SNRyain = SNRest 2 f1-5-10-15-19g dB and the bandwidth ratio * 2
f1e24-1+12-16g. The comparisons between DeepJSCC-MIMO and the BPG-Capagcibench-

mark is shown in Fig. 4.8.

In terms of the PSNR performance, DeepJSCC-MIMO outperforméé separation-based bench-
mark in all SNR and bandwidth-ratio scenarios. Speci callyve can see that DeepJSCC-MIMO
outperforms the benchmark by at least 98 dB and 278 dB for' = 1¢24 and' = 112, re-

spectively. When' = 16, improvements of up to 388 dB can be observed. These signi cant
improvements demonstrate the superiority of the DeepJSCCIMO scheme and its capacity
in extracting and mapping image features to the available emnels in an adaptive fashion.
We observe in Figs.4.8d, 4.8eand 4.8f that DeepJSCC-MIMO achieves the best perceptual
performance across a wide range of channel conditions anchthaidth ratios, particularly in

the low SNR regimes.

SNR-adaptability: We also consider a random SNR training strategy to evaluate ¢hchan-
nel adaptability of DeepJSCC-MIMO. We train the model with raadom SNR values uniformly
sampled fromx022/4B, denoted by DeepJSCC-MIMO-universal, and test it at di eent SNRs.
The comparisons in Fig.4.8 show that there is a slight performance degradation compartéo
training a separate DeepJSCC-MIMO encoder-decoder pair feach channel SNR (up to &5
dB, 093 dB, and 219 dB for' = 1¢24,' =1+12 and' = 1+6); however, DeepJSCC-MIMO-

universal brings signi cant advantage in terms of trainingcomplexity and storage requirements.

We can observe more performance loss in the high SNR regime. ldegr, DeepJSCC-MIMO-
universal still signi cantly outperforms the BPG-Capacity benchmark. We conclude that the
DeepJSCC-MIMO-universal scheme can adapt to SNR variationsittv a slight loss in PSNR,
especially in the high-SNR regime.

SVD ablation study: To evaluate the e ectiveness of the SVD strategy in our schemere
train the models of DeepJSCC-MIMO-universal without SVD deaoposition-based precoding

in di erent bandwidth ratios, denoted by DeepJSCC-MIMO-unversal w/o SVD. Speci cally,
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Ground Truth Original Patch BPG-Capacity mbt2018-0apacitycheng2020-CapacityDeeggi§lgga'ﬂ""0- DeepJSGEIMO
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SNR/PSNR 5dB/28.42 dB 5dB/28.73 dB 5dB/28.85dB 5dB/28.84 dB 5dB/29.23 dB

Figure 4.9: Visual comparison of di erent schemes on two sangsl from the Kodak dataset
at a bandwidth ratio ' = 1+24 and dierent SNRs . The rst and second columns are the
original image and the original patch in the red and blue bouding boxes. The third, fourth,
and fth columns are the patch reconstructed by the BPG-Capeity, MBT2018-Capacity, and
Cheng2020-Capacity schemes, respectively. The last twdwaons demonstrate the patch re-
covered by the DeepJSCC-MIMO-universal and DeepJSCC-MIMO tsemes.

we directly feed the channel heatma® into both transceivers and the performance is shown in
Fig. 4.8 Compared with the DeepJSCC-MIMO-universal, we can obserteat the performance
of DeepJSCC-MIMO-universal w/o SVD has a gap of up to*97 dB, 191 dB and 421 dB for

" = 1e24,' = 112, and' = 1¢6, respectively. Although the networks can still learn to
communicate over the MIMO channel, the SVD-based model-den strategy can signi cantly
simplify the training process and improve performance, ilktrating the importance of exploiting

domain knowledge in designing data-driven communicatiore¢hnologies.

High resolution datasets: To evaluate the model generalizability, we validate the DgdSCC-
MIMO on Kodak and CelebA datasets. Specically, we train theDeepJSCC-MIMO and
DeepJSCC-MIMO-universal schemes with randomly cropped 12828 patches from the Ima-
geNet dataset, and evaluate the well-trained models on the Kak and CelebA datasets. The
detailed visualization and the PSNR performance of the transission, compared with BPG-

Capacity, are shown in Fig.4.9 and Fig. 4.1Q respectively.
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Figure 4.10: Performance of DeepJSCC-MIMO and conventionasaration-based scheme in
the CelebA dataset when = 1+48.

Similarly to the CIFAR dataset, from Fig. 4.1Q we can observe that our DeepJSCC-MIMO
can outperform BPG-Capacity at all test SNRs and generally jpvide higher gains at lower
SNRs (up to 21 dB) in the CelebA dataset. There is a slight performance deggation of the
DeepJSCC-MIMO-universal scheme (up to*Q7 dB) compared with DeepJSCC-MIMO trained
at specic SNRs; however, the DeepJSCC-MIMO-universal can ibtoutperform the BPG-
Capacity scheme at all SNRs. Additionally, we consider statef-the-art learning-based com-
pression algorithms along with capacity-achieving codeséwater- lling algorithm, denoted as
Cheng2020-Capacityq7], MBT2018-Capacity [64], and BMSHJ2018-Capacity schemeS][ The
superior performance of Deep JSCC-MIMO is evident when conmed to both the MBT2018-
Capacity and BMSHJ2018-Capacity schemes. Furthermore, DedSCC-MIMO achieves sim-
ilar performance with the Cheng2020-Capacity scheme. It Elso noteworthy that capacity-
achieving channel codes are practically not possible, andquire accurate channel estimation

and su ciently long block lengths to approximate in practice.

We also visualize the results of the DeepJSCC-MIMO scheme ohet Kadak dataset and
compare them with those of the BPG-Capacity scheme in Fig4.9. We can observe that
DeepJSCC-MIMO performs better in the low SNR regime, such as h@&5 dB, with more de-
tailed high-frequency features. Comparing the performaa®f DeepJSCC-MIMO-universal and
DeepJSCC-MIMO schemes, we can observe that the DeepJSCC-MIM@iversal can achieve

comparable performance at the expense of a slight drop in aigion.
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Considering that the BPG-Capacity performance shown in ttee gures is an upper bound on
the performance of any separation-based scheme that em@dye BPG codec, the compari-
son here clearly shows the bene ts of the DeepJSCC-MIMO and 8@ISCC-MIMO-universal
schemes in high-resolution datasets. We can also conclutlatta su ciently large dataset (Im-
ageNet) can allow our DeepJSCC-MIMO scheme to perform well other never-seen datasets
(Kodak/CelebA) for a wide range of channel conditions (SNRS).

Table 4.5: Ablation study of DeepJSCC-MIMO-universal with/without channel heatmap over
the CIFAR10 dataset with CSIR.

Open-loop MIMO system Channel SNRs
Ratio Models 1dB | 5dB |[10dB|15dB| 19 dB
1024 DeepJSCC-MIMO-universal 2227 | 2441 | 2656 | 2826 | 2933
DeepJSCC-MIMO-universal w/o heatmap| 21.83| 24.00| 26.07 | 27.64 | 28.53
1012 DeepJSCC-MIMO-universal 24'95 | 2756 | 3002 | 3191 | 3293
DeepJSCC-MIMO-universal w/o heatmap| 24.22| 26.69| 29.10 | 30.89 | 31.86

Table 4.6: Ablation study of DeepJSCC-MIMO-universal with/without channel heatmap over
the CIFAR10 dataset with CSIT.

Closed-loop MIMO system Channel SNRs

Ratio Models 1dB | 5dB |10dB | 15dB | 19 dB
1024 DeepJSCC-MIMO-universal 2395 | 2590 | 2813 | 2994 | 3093
DeepJSCC-MIMO-universal w/o heatmap| 23.48| 25.63| 27.75| 29.34 | 30.24

1012 DeepJSCC-MIMO-universal 2689 | 2930 | 3210 | 3450 | 3595
DeepJSCC-MIMO-universal w/o heatmap| 26.21| 28.71| 31.36 | 33.41 | 34.67

16 DeepJSCC-MIMO-universal 307 | 3365 | 3687 | 3956 | 41°11
DeepJSCC-MIMO-universal w/o heatmap| 29.19| 32.03| 35.02 | 37.31 | 38.63

Channel heatmap ablation study: To assess the e ectiveness of the channel heatmap, we

conduct ablation studies over the DeepJSCC-MIMO-universatheme, as outlined in Tables4.5
and 4.6 for open-loop and closed-loop MIMO systems, respectivelgpeci cally, we can observe
a maximum increase in PSNR of 07 dB and %28 dB for open-loop and closed-loop MIMO
systems when = 1¢12, respectively. Our experimental ndings demonstrate it integrating
the channel heatmap is essential to enhance the performamdé¢he DeepJSCC-MIMO-universal
scheme in both open-loop and closed-loop MIMO systems acaesrious SNRs and bandwidth
ratios. Similar ndings can also be observed in more challgimg fast-fading channels, where
individual channel symbols experience fast fading, resug in distinct channel heatmap in each

time slot, as elaborated in Table 4.7.
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Table 4.7:  Ablation study of DeepJSCC-MIMO-universal scheme&vith/without channel
heatmap on the CIFAR10 dataset across various SNRs in the fasting channel whenl = 1+48.
Open-loop MIMO system with CSIR
Models 1dB | 5dB |10dB| 15dB| 19 dB
w/o heatmap | 1872 | 2064 | 22635 | 2351 | 2404
with heatmap | 1924 | 2123 | 2311 | 2447 | 2517
Closed-loop MIMO system with CSIT
Models 1dB | 5dB |10dB | 15dB| 19 dB
w/o heatmap | 20:75 | 22657 | 24430 | 2550 | 2614
with heatmap | 2156 | 2344 | 2523 | 2667 | 27°30

In summary, the channel heatmap serves two objectives: a) jirovides CSI for the trans-
mitter/receiver, enabling the model to adapt to diverse chanel conditions; b) it simpli es
the learning process for the transformer model by presengrthe channel condition that each
channel symbol faces after speci c equalization operatisrior the attention computation. As a
direct result, it yields substantial performance improvermnts for the DeepJSCC-MIMO scheme,
as seen from the ablation studies above. The integration ofi¢ above model-driven designs
forms our DeepJSCC-MIMO approach, each of them contributing the competitive transmis-
sion performance while maintaining an acceptable computahal complexity. It is important
to note that each constituent of this integrated approach exts a distinct in uence. Notably,
the equalization operation emerges as a pivotal element ihneg MIMO channel, and its absence
would render the proposed DeepJSCC scheme ine ective, siamito its role in traditional sys-
tems. While the SVD, heatmap design, and various other architeural choices substantially
improve the performance, we can still surpass the performanof traditional separation-based

benchmarks even in their absence.

Visualization of the channel heatmap and power allocation: We visualize the channel
heatmap and the power allocation of the channel input matrifor a closed-loop MIMO system in
Fig. 4.11 Within our channel heatmap, we visualize the equivalent neé power experienced by
each channel symbol, with the color red indicating higher m&e power. In the power allocation
map, the color red denotes a higher allocation of power to theespective channel symbols.
We can observe that for each SNR value, DeepJSCC-MIMO geneyai#issigns more power to

antennas with better channel conditions. Speci cally, in he low SNR regime, DeepJSCC-
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Figure 4.11: Visualization of the channel heatmap and powerlatation across the channel
symbols, where antenna number is set ds =32 and' = 16

MIMO concentrates most of the power on a few select antennasthvexceptional quality. In

certain extreme cases, DeepJSCC-MIMO refrains from allo@agy power to the sub-channels
characterized by the worst channel conditions. As the SNR ineases, we note that DeepJSCC-
MIMO demonstrates a tendency to distribute power more eveyplacross a greater number
of antennas, instead of concentrating on a limited set of agmnas with the worst channel

conditions.
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Figure 4.12: Performance comparisons between the proposedepJSCC-MIMO and BPG-
Capacity over di erent SNR values and bandwidth ratios for tle open-loop Kronecker MIMO
channels with CSIR.
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Figure 4.13: Performance comparisons between the proposedepJSCC-MIMO and BPG-
Capacity over di erent SNR values and bandwidth ratios for tle closed-loop Kronecker MIMO
channels with CSIT.

Experiments over realistic correlated MIMO channel models: To investigate a more
realistic correlated MIMO channel, we have added supplentany experiments over the MIMO
channels for both open-loop and closed-loop MIMO systemspegi cally, following [119 and

[118, we employed the transmitter SNR and the Kronecker channel adel[13(, given as:
N = 1x¥ol2Mixg otz (4.21)

where the channel covariance is approximated by the Kronemkproduct of the covariance

1 03 1 05
matrices from the transmit and receive sides.xﬁ = : Xﬁ = - and each

3 1 5 1
element fromM is sampled from a standard Gaussian complex distribution.

The experimental results of DeepJSCC-MIMO in the context ofpmtially correlated channel
models for both open-loop MIMO and closed-loop MIMO systenee presented in Figs4.12
and 4.13 1t is evident from the gures that the superiority of DeepJSC-MIMO continues of

hold in this channel scenario as well.

Adaptability to the antenna numbers: In all the above experiments, we have the same
number of " = 2 antennas at the transmitter and receiver. In this subseain, we investigate

the generalizability of the DeepJSCC-MIMO architecture to derent antenna numbers. In par-
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Figure 4.14: Performance of DeepJSCC-MIMO with di erent antenas number.

ticular, we repeat the experiment of DeepJSCC-MIMO in Fig4.8bfor di erent " values. The
performance of our DeepJSCC-MIMO models with di erent antema numbers" 2 f2-3-4gand
channel SNRs(#' c4g@ f1-5-10g dB is shown in Fig. 4.14 We can observe that DeepJSCC-
MIMO can generally achieve better performance with the inease in the number of antennas,

thanks to its more exible power allocation.

We also consider a random antenna number training strategyitiv a maximal antenna number
setting " <o, denoted as “adaptive-M'. We train the DeepJSCC-MIMO modelith " uniformly
sampled fromf2—eee¢—2ycg and test the well-trained model with dierent " values. Speci -
cally, our encoder generates the channel symbadis2 C" <¢ ‘| and only transmits rst C" 8 :
symbols for the" =" gantenna scenario. At the same time, the receiver pads the ebdeed
signal into C" <°¢ * with zeros for decoding. The representation of CS| heatmap$ers across
scenarios with distinct antenna con gurations, serving aa guide for e ectively encoding the
channel symbols. We think these adaptive characteristicgeaattributed to the transformer's
powerful learning and generalization capabilities. Fromx@eriments with " <o = 4, we ob-
serve in Fig. 4.14that the adaptive-M strategy can achieve similar performare compared with
models trained for specic" values: the performance loss is at mose@B. We can conclude
that DeepJSCC-MIMO is highly exible and adaptive and can be pplied to di erent number

of antennas without retraining.



4 5. Conclusion 105

4.5 Conclusion

We introduced the rst DeepJSCC-enabled MIMO communicatiorsystem designed for wireless
image transmission. The proposed DeepJSCC-MIMO model uséis a vision transformer-based
architecture to exploit contextual semantic features andhannel conditions through a self-
attention mechanism. The results demonstrate signi cantmprovements in transmission quality
across a wide range of SNRs and bandwidth scenarios, with enbad robustness to channel
estimation errors. Moreover, DeepJSCC-MIMO is a uni ed and daptable design capable of
accommodating varying channel conditions and di erent atnna numbers without the need

for retraining.

45.1 Future work

Moving forward, there are several potential directions fofuture exploration based on the

ndings of this chapter:

" JSCC with space-time coding. In the open-loop scenario, fuydlotential of the spatial
and temporal dimensions in MIMO can be harnessed by integiagy DeepJSCC with
space-time codesid]. This synergy can allow for even greater exibility and peormance

enhancements, especially in the low-SNR regime.

A

Variable length JSCC. Building upon the adaptability of ViT-based models to varying
antenna numbers, future investigations can extend this coapt to accommodate variable
code lengths, where the channel resources are judiciouskpleited depending on the

channel state as well as the input signal.



Chapter 5

DeelJSCC for feedback-aided semantic

communication

5.1 Introduction

Building upon the demonstrated advantages of DeepJSCC in vaus standard communication
channels, such as AWGN, OFDM, and MIMO channels, this chaptenvestigates its application
over feedback channels. In the asymptotic regime, the optafity of separation continues to
hold in the presence of feedbackiBl]. Moreover, feedback does not increase the capacity of
a memoryless channellB2 133. However, feedback can simplify the coding mechanism, as
demonstrated in [L34 135. In addition, in the practical nite blocklength regime, the optimal
transmission scheme is wide open also in the presence of ieed. Interestingly, in [L35, it
was shown that when transmitting a single Gaussian sourcensple over nitely many uses of a
Gaussian channel, a JSCC scheme with perfect channel outpaetiback is shown to achieve the
optimal performance, although the optimal performance whiout feedback remains unknown.
This shows that feedback in practice can be highly bene ciah both improving the performance

and simplifying the coding scheme7g).

It is noteworthy that only a limited number of studies have adressed the JSCC problem with

channel feedback in the literature. In most of the earlier ésting works, a scalable compression

106
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Figure 5.1: lllustration of alternative JSCC schemes for chaels with feedback, where the
solid lines represent forward channels, while the dottechies represent feedback channels. Top:
lllustration of the DeepJSCC-f scheme (with< = 3 blocks as an example), where multiple
independent encoders and decoders are trained as the chdrowales in each block. Bottom:
lllustration of our proposed JSCCformer-f scheme, where angie uni ed encoder-decoder pair
is employed at each block, signi cantly reducing the traimg and memory requirements as well
as the coding complexity.
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scheme is considered for the source (e.g., image or videa)d an unequal error protection
scheme is employed for the channel code. These schemes aflyiemploy separate source and
channel codes, with their rates adjusted based on channet@dack. For instance,13q and [137]
exploit one-bit acknowledgment/negative acknowledgmentACK/NACK) feedback to adjust
the channel code rate. In13§, CSl is considered as feedback to enable the transmissidrihe
source signal in a multicarrier scenario. In39, video signals are considered, and an automatic
repeat request (ARQ) scheme is proposed to jointly allocat®srce and channel rates to video
blocks. Similar rate allocation problems have also been slied in [14Q 141, 142 for streaming

media.

The rst truly joint coding scheme for transmitting images over a wireless channel with feedback
was proposed in35]. The authors presented a stacked autoencoder structurglied DeepJSCC-
f, to transmit the image in multiple blocks. As illustrated inFig. 5.1, DeepJSCC-f utilizes a set

of encoders and decoders in the transmitter and receiver spectively, and a di erent pair of
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encoder and decoder is used at each iteration. It is shown B5] that feedback can improve the
performance of CNN-based DeepJSCC, and the proposed DeepJSGECHeme achieves state-
of-the-art performance. Even more signi cant gains are exited in [35 when variable-length

coding is considered.

The design of DeepJSCC-f, however, exhibits a few limitatisrthat we wish to address in this

chapter.

" High complexity . DeepJSCC-f trains and employs independent encoders and dd=s
for each interaction between the transmitter and receiverThis results in a substantial
surge in both training complexity and memory requirements kaen the number of feedback
blocks increases. A practical JSCC scheme should be able t@eively exploit channel

feedback with low complexity.

Inadaptability . Adaptability to varying channel conditions is another criical property
for learning-based JSCC schemes. Speci cally, training esder and decoder network
parameters for speci c channel conditions, as demonstraten prior works [15, 35, 84,
would necessitate the storage of multiple sets of network izeneters. Alternatively, a
JSCC scheme can achieve adaptability to channel conditionyg keveraging the attention
mechanism and training at random SNRs33, 41, 43]. This approach enables dynamic
scaling of the features according to the channel conditiond-urthermore, it should be
noted that all of these methods require the acquisition andceédback of CSI, which may
not always be feasible. To the best of our knowledge, the ditelearning of channel

adaptability from noisy channel feedback has not yet been ghored.

Suboptimality . The training of DeepJSCC-f is conducted in a block-by-blockashion,
where pairs of encoder and decoder are trained progressivelrhis leads not only to
training instability, but also to suboptimal performance. In addition, the advent of novel
DL architectures [L23 124 143 with respect to image processing and natural language
processing, has rendered the CNNs-enabled encoder and decadesuboptimal alterna-

tives.
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" Non-generalizability . DeepJSCC-fwas designed exclusively for point-to-pointahnels
with feedback. On the other hand, we anticipate a more versé encoding and decoding
JSCC scheme that can be generalized to other communicatioresarios, such as multiple

access channels and broadcast channels, with feedback me@dms.

This chapter presents a novel JSCC paradigm with feedback, lleml JSCCformer-f, that ef-
fectively addresses the concerns outlined above. Unlike P88CC-f, JSCCformer-f utilizes
a uni ed encoder-decoder pair at the transmitter and receer, respectively. Speci cally, the
transmission of source signals is divided into multiple bbis, and the channel feedback from
previous blocks is used to facilitate the encoding proces$he uni ed encoder leverages the
semantic information from the source image, the CSI, and thieedback (i.e., the decoder's
current belief about the source image) to generate coded dyats at each interaction. These
coded symbols are then transmitted to the receiver to re ndas belief and mitigate the impact of
channel noise in subsequent interactions. Finally, the uned decoder accumulates the received
successive coded blocks and reconstructs the source imafger dhe last round of interaction.
Overall, an image is transmitted to the receiver with multipe blocks in a coarse-to- ne fashion,
and the well-trained model exhibits channel adaptabilitythanks to the encoder's ability to

attend to feedback and CSI.

Furthermore, JSCCformer-f is built upon the VIT architecture[123 143 as the uni ed encoder
and decoder. Unlike CNNs that learn the semantic features of imag from a local to global
context with a limited receptive eld, ViTs employ a global sé-attention (SA) mechanism for

a more discriminative representation of semantic feature3his transformer-based SA strategy
naturally ts our encoding and decoding process with feedlol, where we rethink the image-to-
channel mapping with interactions from a sequences-to-sgmce perspective, inspired by the

feedback channel code design iagQ.

Our main contributions can be summarized as follows:

" We present a new feedback-aided JSCC architecture, JSCCfomfiefor wireless image

transmission with channel feedback. JSCCformer-f exploitbe semantics of the source
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image and the available feedback signal in each interactitmgenerate coded symbols and
to re ne the decoder's belief about the source image. JSCCioer-f introduces a new way
of utilizing the semantics and the feedback through an SA mieanism of the transformer
architecture. Although it is used here for image transmisam this framework is general

and can be used to convey any desired semantic informatids0] 144.

Our scheme is a resource-friendly pipeline, employing ondy single uni ed encoder to
accommodate a wide range of interaction numbers without irdducing additional pa-
rameters or training e ort. Flexible strategies, such as vaable rate transmission, are
also enabled to allow a considerable economy of resourcesattaining a speci ¢ quality
objective of the transmission. The proposed JSCCformer-fleme can also directly learn
to adapt the various channel conditions from the noiselessdisy channel feedback and

achieves considerable gains compared to all the previousthwoals.

Numerical experiments verify that our JSCCformer-f scheme lieves state-of-the-art per-
formance in all SNRs and bandwidth scenarios. We also show iitsbustness to feedback

channel noise.

To demonstrate the generalizability of the proposed schemse extend the JSCCformer-f
framework to a broadcast channel with two receivers, wherbd encoder at the transmitter

has to attend to the feedback from both receivers and geneeatoded symbols accordingly.

5.2 System Model

We consider the problem of wireless transmission of imagesthe presence of noisy channel

output feedback. The goal is to transmit an inputimager 2 R F 3 over a noisy communication

channel with the help of the channel output feedback, where F and 3 denote the height, width,

and color channels of an RGB image. The transmission of eaatage is done irk blocks, where

< =1 corresponds to the no-feedback scenario. We assume thaemaéach block, the channel

output is fed back to the transmitter via a noisy or noiseleskeedback link. At each block, the

transmitter can exploit the feedback signals it has receideup until that block.
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Accordingly, for a xed total bandwidth allocation, a JSCC coc that transmits an image of
= pixel intensities in < blocks, each consisting of channel symbols, is denoted by the triplet
1=—<—9 Here== 3F denotes the source bandwidth, while: denotes the total channel
bandwidth cost. We note that, for a xed bandwidth ratio ' , an increase in the number of
blocks leads to a reduction in the number of channel uses pdotk. Following [35], we de ne
the bandwidth ratioas' = <: =, representing the average number of available channel syob

per source dimension.

As shown in Fig 5.1, in the 8th transmission block, the encoder function ),, parameter-
ized by )i, maps Y and all the available feedback signals into a complex charneesctor
A= Y"1 122 C, where Ny 1, »Ni—e S 1Ydenotes all the previous feedback signals
available at the 8th transmission block, and”; 2 C is the channel output feedback received
after the 8th block. Note that the encoder, in general, can consist af encoding functions,
one for each block. The transmitted signaf; is subject to a power constraint%g as:

1 G ,

- E kNiks Y- (5.1)
S|

where we set%g = 1 without loss of generality.

The forward channel in the8th transmission block is modeled as an additive white Gauas

noise (AWGN) channel with fading as:

i— slow fading channel
(5.2)

s

]
~Ni. ] i— AWGN channel

B
?

where _; 2 C' is the channel output in8th forward transmission block, 2 C is the channel
gain, and] ; 2 C is the AWGN term. Each element of] ; is sampled from independent and
identically distributed (i.i.d.) complex Gaussian noise &, »84 CN20-f2°. We consider a
slow fading scenario and assume that remains constant for the whole duration €: channel
symbols) of the transmission of one image, but takes an indamdent realization for each image.

We assume that is sampled from an i.i.d. complex Gaussian distribution,é., CN? 0-f2°,
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For the static AWGN scenario, we set = 1. In order to measure the channel quality, we de ne

2
the SNR as 10 logy *dB®.

Z
After each block, the channel output vector ; is then fed back to the transmitter through a

feedback link, which can be either perfect or noisy, modeled:

A é_i— perfect feedback link
i =Hsgl o= (5.3)

E i, ] — AWGN feedback link-

where] ¢ 2 C is the AWGN term sampled from an i.i.d. additive complex Gausian distribu-

tion, i.e.,, 84 CN0-f2o.

The decoding function s, parameterized by5, reconstructs the transmitted image as{ =

51 °2R F 3 where_, » j—see Vi

The reconstruction quality is quanti ed through the PSNR andthe LPIPS metrics. The PSNR
metric serves as an indicator of image distortion at the pegixel level. A higher PSNR value
Is indicative of a better image reconstruction quality. LPPS computes the dissimilarity within
the feature space between the input image and the reconsttion, employing a deep neural
network, such as VGG. LPIPS exhibits a superior alignment wh human perception compared
to conventional pixel-wise metrics. A lower LPIPS score intigs a better perceptual quality,

indicative of a greater degree of perceptual similarity oksved among image patches.

Given the code parameter$§=—<-°, we aim to optimize the encoder and decoder parameters
)1—***}m and 5, respectively, with the objective of improving the averageeconstruction

performance at the receiver.

5.3 JSCCformer-f Architecture

This section introduces the proposed feedback-aided JSCO@digm for an image transmission
task, denoted by JSCCformer-f, depicted in Fi¢.2 Transmission is partitioned into< blocks,

each corresponding to one interaction between the transret and receiver. JSCCformer-f
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Figure 5.2: The pipeline of our JSCCformer-f scheme. In tl&th transmission block, the ViT-
based encoder ) encodes the channel symbols; based on the input image and the channel
feedback signals received until that time, wher& 1 is the noisy channel feedback for th@ 1-th
transmission and” ; 1 is its embedding. Note thattN—eeeX0and 1" j—eee, 1°are padded
with zeros as they correspond to future channel feedback sads.

utilizes a pair of ViTs, which possess symmetric inner strugtes, as the encoder and decoder,
respectively. The architecture of JSCCformer-f is illustrieed in Figure 5.3, and consists of three

key components: ViT encoder, VIT decoder, and the loss functio

5.3.1 JSCCformer-f encoder

The encoding process entails sequentializing the image, ladding the feedback signal, and
utilizing a ViT-based encoder ) to map the updated input sequence to channel symbols. The
encoding process is elaborated in four steps: (1) images®eguence transformation, (2) feedback
embedding, (3) input sequence update, and (4) ViT-based erting. The encoding process is

presented in Algorithm 3 as a pseudocode.

Image-to-sequence transformation To construct the input of JSCCformer-f at each block,
we rst convert the three-dimensional input imageY into a sequence of vectors, denoted bys.
Speci cally, given a source imag& 2 R F 3, we divide Y into a grid of ? ? patches, and atten
the pixel intensities of each patch to form a sequence of vecs of dimensiorRs_?FT. In this way,
Y is converted toYs 2 R 2, where; = ?? is the sequence length an@ , 37—5 is the dimension
of each vector. Here? serves as a hyperparameter, where a higher value dfindicates a

more detailed partition of the image into smaller patchesatilitating more ne-grained feature

learning but at the expense of a corresponding rise in comptibnal complexity.
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Algorithm 3  ViT-encoding algorithm
Input: Ys2 R 2

Output: "2 R 2:—:—_i 2R
For the 1-st block

2

1. for i=1m-1do |
2: = 0|u2|_k 2R 7
3: end for

A . 20i< 10 T A
4 M= 1—-°-—m 1Ya R - * Initialize ~
5. for |—1m1do
6: i =0, 2R !
7: end for * |nitialize each " g
8 T1im1, »1—eeep R <P
9: Yin = 2>=200— 1m PP2R A TP
10: *1=KytYin® 2R 2 C3
11: =HN°2C | R B » Forward link
For the 8th block, where 82 w—-< 1Y
1: N 1=Hsl; °2C ! R % « Feedback link
2. M= Need Y « Update "
3= 5l * Update " 1
4 " 1m 1= » 1= 1/ » Update " 1:m 1
5. Yin = 2>=200/s— Lm 1° » Update input Yg=
6: Ni =K1Y 2R T 1 C
7. _i=H1A02C | R Z

Feedback embedding  Within each transmission block, a feedback embedding moduie
employed at the transmitter, parameterized as3!'° : R %=1 R, to embed all the re-
ceived feedback signal§ into " ; for the subsequent ViT-encoding step, wherkis the output

dimension for the feedback embedding block.

We propose two di erent feedback embedding schemes, JSCQhar-f and JSCCformer-f (lite),
respectively. Speci cally, the embedding scheme of JSCCioer-f utilizes an additional ViT-
based decoder at the transmitter (the weights of which are peed from the decoder at the
receiver) to estimate the receiver's current belief from threceived feedback, which is then
combined with the raw received feedback as the input to the eader. During the training
phase, the gradient over the decoder is stopped at the trangtar to simplify the training
process, especially in the application of variable rate argliccessive re nement transmission.
The second scheme, in contrast, directly feeds the receiveltannel feedback to the encoder.

That is why JSCCformer-f with the second embedding scheme ialled JSCCformer-f (lite).
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For JSCCformer-f and JSCCformer-f (lite), we have = -, 2and | = 2, respectively. Thanks
to the integration of the receiver's belief, JSCCformer-f dteves a better performance at the

cost of additional complexity.

The detailed formula of ™ ; = 5;120 Is provided below:

] éconcatlsg1 51700_"o_ JSCCformer-f
i = (5.4)

;Ai— JSCCformer-f (lite)-

N

where” 2 R % is the channel output feedback of th&th block, reshaped fromC-, =M,
»q—eeel 14 IR ZL sgt °© means stop gradient operationconcat © denotes concatenation,
and " ; 2R ! is the embedded feedback matrix givefy; for the 18, 1°th block. We pad " with
a matrix of zeros when there is no knowledge Of. That is, in the 8th block of a total < block

transmission, "1;; 2 is given, " 1 is updated, while "j.., is set to zeros.

Input sequence update  As shown in Algorithm 3, we concatenateYs and the embedded
feedback matrix “ 1.m 1, » 1—***—y 1%to form the input sequenceY;, of the ViT-based

encoder in the8th block as: Yi, = concatYs— 1.m 1° where  1m 1 2 R*< P and Y;, 2

R 121< qol°

In each transmission block &th block), we update " 1., 1 and Yj,, once ™ ; 1 generated from
Eqn. (5.4) with a new " 1 becomes available. Similarly, if there is no knowledge off#back "
in the current 8th transmission block (i.e.,.C 8§, ~ ¢ would be padded with zeros. In particular,

for the 8th block of a total < transmission blocks, ; 1 is updated while" i.., 1 is set to zeros.

ViT-based encoding  In each block, we use a ViT-based encodeyy : R'*2'< I 1 ¢,
parameterized by), to generate the channel symbols based on the updat&g,. The archi-
tecture of our ViT-based encoder is shown in Fig5.3 mainly consisting of linear projection
layers, a position embedding layer, several transformelyks, and a power normalization layer.
A triplet 1! —#3- 3 can be utilized to characterize our proposed ViT-based enargdwherein! g

#pg, and 3 represent the number of transformer layers, SA heads, andddien units, respectively.
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Figure 5.3: The architecture of the encoder and decoder, wieea symmetric structure is
designed to encode the input sequence and reconstruct theise signal.

Linear projection:  The input matrix Yj, rstundergoes a linear projection with parameters
] 02 R2"< T°I° 3 followed by a position embedding operatio®a'°: R 3! R 3, resulting
in the initial input Lo 2 R 3:

Lo=Yin]l 0, Pe (5.5)

where 3 is the output dimension of the hidden layer,Lo 2 R 3 is the output of the linear
projection with position embedding operation for the follwing transformer layers, andpe 2

R 3 is the output of the position embedding (PE) operatior?/! °.

Position embedding:  Two methods are adopted for the positional embeddinga* © of

JSCCformer-f: a DPE method 123 and a CPE method [24.

DPE employs a dense layer to embed the index vectqr of each patch into a3-dimensional
vector, denoted as: pe = %' p° On the other hand, CPE employs a 2-D convolution with
a kernel size of: = 3 and 71 zero padding to generate positional encodings dynamically
conditioned on the local neighborhood of the input. To elalvate further, we rst reshape the
encoded featureYin] o 2 R 2 into a 2-D image of dimensiorR? ? 3, which is then fed into a
2-dimensional convolution layer. The resultant outputs a then reshaped age 2 R* 3. The

nal result of the conditional position embedding can be wtten as: pe = %Yin] o°.

DPE is the default positional embedding scheme for JISCCforme It is lightweight and yields
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satisfactory performance. In contrast, CPE requires moreomputation resources. It is worth

pointing out that CPE is more suitable for high-resolution images.

Transformer Layer:  As shown in Fig. 5.3, the intermediate feature mapL; is generated by

the 8C transformer layer by a MSA block and a MLP layer with a residulaskip as:
Li="( *Li1°, "% 2"( 1L 1°°- (5.6)

whereL; 2 R 3 is the output sequence of th&th transformer layer, GeLU activation and layer

normalization operations are applied before each MSA and NeLblock.

Each MSA block consists offg SA modules with a residual skip, which can be formulated
as: "( Li® = Lj, »( 1L{°—eee— (%, Li°% i, where the output of all the SA modules
( 'L;® 2 R 3 are concatenated for a linear projectioj ; 2 R3%8 3 and 3g = 3e#g is
the output dimension of each SA operation. For each SA modul¢he operations can be
formulated as: ( L) 1° = B>50<@@%°v, where gk-v 2 R' %8 are the query, key, and value
vectors, respectively, generated from three linear projgen layers | 4] "] v 2 RS 3 as:

q=L; 1] o= k=L 1] k= Vv=L; 1] v.

Linear projection and power normalization: After ! ctransformer layers, we apply a linear
projection] 2 R® * to map the output of the transformer layersL g, to channel symbols as:
Ni=Lgr] ¢ Where®; 2R % is then reshaped and normalized to satisfy the power consima

to form the channel input symbols"; 2 R o

5.3.2 JSCCformer-f decoder

At the decoder, we rst employ a combiner to form the input segence for the ViT-decoder by

concatenating all the received signals as:

L v R e (5.7)



118 Chapter 5. DeeJSCC for feedback-aided semantic communicati

Algorithm 4  ViT-based decoder algorithm

For the transmitter of  8th block transmission:

Input: "~ 12 R %, Output: ¥ 2 R 2
1 D= l—eed 1Y « Update " with " 4
2. ¥si= s1M02R 2 « Reconstruct Ys for re ning

For the receiver:
lnput: _; 2R 5, Output: $2R F 3
1: for i=1:m do

2: if i==1 then _=_4

3: else  =2>=20C — °

4: end if

5: end for » Combine all received ;
6: ¥= ¢L°2R 2) R F3 « Reconstruct the Y

While we use the concatenation operation as a combiner for gheity, we could also use a

learning-based method, such as CNNs or a fully connected layer

Given _, a symmetrical ViT-based decoder 5 : R 25 | R 2, parameterized by5 and
the same triplet 1! —#s-3 with the encoder, is designed to reconstruct the source ima@s
Y= q*_° consisting of a Siamese layer, position embedding layeratsformer layer and
linear projection layer. Each component of the VIiT decoder iexplained next, also presented

as pseudocode in Algorithm.

Siamese layer and position embedding:  We employ a weight-shared Siamese layer Siaf
consisting of several linear projection layers and GelLU aeation functions. As shown in Fig.
5.3 _ multiplied by 1 and 1 are fed into several linear projection layers and GelLU futians.
We expect these GelLU functions and linear projection layeksan learn to truncate excessive

noise realizations to bootstrap the performance, similarito the designs in 8, 120.

To introduce the position information to the decoding procss, we add the same position embed-
ding layer as in 6.5) to get the output J g 2 R 3 as:J o = SiamtY4°, pe, Where Siam ° denotes
the operations of the Siamese layer, with parameters illusted in Fig. 5.3 and pe 2 R 3 is

the output of the position embedding operation.

Transformer layer:  After the Siamese layer and positional embedding, o is passed through
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I ctransformer layers:

N G T G N (5.8)

whereJ; 2 R 2 is the output of the 8th transformer layer at the decoder, and the'(  and

"1% blocks share the same structure as those i6.6).

Linear Projection:  Given the output of the ! ctransformer layer J g, we apply a linear
projection] out 2 R® 2, and then reshape the output into a matrix of siz& F 2 to reconstruct
the input image as:

¥ =reshapéJ r] out (5.9)

5.3.3 Loss function

The encoder and decoder are optimized jointly by minimizinthe mean square error between

the input image Y and its reconstruction ¥ as:
L1)-5°=E MSEx-%° , E kY ¥ki - (5.10)

where the expectation is taken over the randomness both indtsource pixels and the channel

state. The aim is to nd the parameters!) -5 ° that minimize the loss functionL®) -5°.

5.4 Training and evaluation

This section presents experimental results to evaluate theerformance of our JSCCformer-f
model across various scenarios. DeepJSC@G3H|[and the bounds on the conventional separation-
based digital schemes, assuming capacity-achieving chahcodes, are employed as benchmarks.
In the conventional separation-based digital schemes, weseuBetter Portable Graphics (BPG)
as the compression method and assume capacity-achievingruhel codes, denoted as the BPG-
Capacity scheme. It is noteworthy that the BPG-Capacity sceme is practically unattainable

and requires perfect CSI at both the transmitter and receivesnds.
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Figure 5.4: Performance of di erent schemes at various SNR v&s and bandwidth ratios
with noiseless feedback, where models in sub gures (a) ara) indergo assessment within the
AWGN channel, and models in sub gure (c) are evaluated in a Rdeigh Fading channel.
Unless stated otherwise, all experiments in this section veemperformed on the CIFAR10
dataset[L03, consisting of a training dataset of 50000 images and a tedataset of 10000
images, with the shape of 3 32 32 (color, height, width). To achieve the optimal result,
models of JSCCformer-f and DeepJSCC-f are all trained at a xealverage channel SNR value
and tested at the same SNR value. All models were implemented Rytorch with two GTX
3090Ti GPUs and optimized by an Adam optimizer. We use a learrgnrate of 00005 and
a batch size of 128. Models were trained until the performa@of a validation set stopped
improving. Considering the model complexity and experimeémperformance, we set the? = 8,

; = 64, and 2 = 48 for image vectorization. We seB8 = 256,! c= 8, and #g = 8 for each

transformer layer of the VIiT.

5.4.1 Transmission performance

General performance  Considering AWGN channels, Figs5.4aand 5.4b present the PSNR
performance versus di erent forward channel SNR values from2dB to 13dB, where the band-
width ratiois setto ' =16 and' = 13, respectively. We assume the feedback link is noiseless

for now, and the noisy feedback case will be considered laterSection5.4.1

We rst evaluate JSCCformer-f without channel feedback, i.e < = 1. As shown in Figs.
5.4aand 5.4b, JSCCformer-f with < = 1 signi cantly outperforms the BPG-Capacity scheme

in all SNRs and bandwidth ratios. We note again that the BPG-Cpacity performance is
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not achievable in the short block length regime. We next conape JSCCformer-f € = 1)
with DeepJSCC-f & = 2). As shown in Fig. 5.4 JSCCformer-f & = 1) can surprisingly
outperform DeepJSCC-f € = 2) (up to 097dB) at all SNR values, even though DeepJSCC-f

utilizes additional feedback from the receiver.

Then, we consider JSCCformer-f withk< j 1. For a fair comparison with the simulation results
in [35], we use the same number of blocks for JSCCformer-f. Specilgawe set< = 2 for
" =16 in Fig. 5.4aand< =4 for' =13 in Fig. 5.4b. JSCCformer-f & | 1) improves the
performance of JSCCformer-f€ = 1) in all SNR values (up to 206 dB for< =2 and 211 dB
for < = 4). Further, it can be observed that a larger bandwidth ratioleads to a larger gain.
We also observe that with the same number of blocks, JSCCformesigni cantly outperforms
DeepJSCC-f at all test SNRs. The gains are up to@3 dB and 388 dB for' =16 and' = 13,
respectively, demonstrating that JSCCformer-f can exploiteedback better than DeepJSCC-
f. Moreover, with the increase in the bandwidth ratio, the inpprovement from JSCCformer-f

becomes even more signi cant.

Fig. 5.4cshows the performance of JSCCformer-f and DeepJSCC-f in faglinphannels, where
the fading gain is sampled from CN?® 0-1°. We observe that DeepJSCC-f outperforms the
BPG-Capacity scheme only in the low SNR regime @dB to 10dB), although we should remind
that this is a highly favorable bound for the separation-bad scheme. However, JSCCformer-
f consistently outperforms both DeepJSCC-f and BPG-Capagitschemes in all SNR regimes

with a signi cant gain of up to 2¢71dB and 357dB, respectively.

Impacts of bandwidth ratio and block number We evaluate the performance of JSCCformer-
f over a wide range of bandwidth ratios in Fig. 5.5a where the forward SNR is xed to 10dB,

the feedback is noiseless, and = 4. JSCCformer-f outperforms DeepJSCC-f in all bandwidth
ratio settings with a gain of up to 342 dB. Interestingly, even with no feedback, JSCCformer-f

(< =1) outperforms DeepJSCC-t< = 4° in the low bandwidth ratio regime ( 0+45).

Next, we assess the impact of the block number on the PSNR of D@§g¢C-f and JSCCformer-

f. To this end, we consider di erent feedforward SNR values @dB, 4dB, and 10dB), noiseless
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Figure 5.5: (a) Performance comparison of di erent models k&us bandwidth ratio' in AWGN
channel when SNR 10 dB with noiseless feedback. (b) Performance of models odeerent
block numbers and SNRs in AWGN channel witH = 12, where the optimal block number is

highlighted with a red star.

feedback,” = 1¢2, and vary the number of blocks<, from 1 to 16. We note that, in prin-
ciple, increasing< means that we benet from more feedback at the encoder. Howeyet
can be observed in Fig.5.5b that the performances of JSCCformer-f and DeepJSCC-f do not
always improve with <. Speci cally, increasing< brings some improvements at rst for both
DeepJSCC-f and JSCCformer-f; but the PSNR declines beyond a taémn threshold. One pos-
sible explanation for this is the increasing learning di cuty brought about by increasing <.
We can observe that the optimalk values for JISCCformer-f are< = 4-6-12 corresponding to
(#' = 10dB, 4dB, 2dB, respectively. Notably, the optimal number of blocks teas to be
larger under worse channel conditions. This can be explathby the fact that a greater number
of feedback blocks can provide more information about the deder's current beliefs and the

channel conditions, which is more bene cial for the model ipoor channel conditions.

We also remark that DeepJSCC-f adopts multiple encoders an@cbders as di erent re nement
layers; hence, unlike JSCCformer-f, DeepJSCC-f model compte increases signi cantly with
<. In contrast, JSCCformer-f employs a uni ed pair of encodesind decoder, yielding less com-
plexity while achieving better performance. Interestingl both DeepJSCC-f and JSCCformer-f
tend to converge towards a sub-optimal performance as becomes su ciently large, thus re-

vealing the existence of the trade-o between the trainingamplexity and model performance.
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Figure 5.6: Performance of JSCCformer-f over noisy feedbadkkl in AWGN channel, where
' =16,< = 2.

Our experimental results suggest thak = 4 provides a reasonable performance and complexity
trade-o for JISCCformer-f in this channel condition, which @an achieve competitive performance

with an acceptable computation complexity.

Noisy feedback channel In the above experiments, we have assumed a noiseless feekiba
channel. In this subsection, we investigate the impact of my feedback links for JISCCformer-f.
Introducing noise in the feedback channel can lead to a drastperformance decrease 49 or
even system breaking downlfq, as feedback can be dominated by noise. DeepJSCC-f is the
rst practical image transmission scheme that considers my feedback, which we shall use as

a benchmark.

We repeat the experiments in Fig5.4a by replacing the noiseless feedback channel with an
AWGN channel. The feedback channel SNR is set to S{NR= 0dB, 10dB, and 20dB. Fig.
5.6 shows the performance of the JSCCformer-f model with di erérSNRy, values. When
SNRyp, = 20dB (high-quality feedback), the performance only degrad slightly (for at most
0-48dB), when compared with the perfect feedback case. When theedback channel quality
gets worse, e.g., SNR = 10dB, the PSNR continues to decrease, but the gap is less tha8&d1B
compared with the noiseless case). This veri es the robusiss of JSCCformer-f to feedback
channel noise. In particular, it can be observed that the parmances of JSCCformer-f< = 2°

with SNRy, = 20dB and SNR, = 10dB are still better than JSCCformer-fi< = 1° without
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feedback, indicating that JISCCformer-f can still make goodse of the noisy feedback. Even
with larger feedback noise SNJg = 0dB, our model can still outperform DeepJSCC-f with a
perfect feedback link. It again demonstrates the superidyi of our scheme in noisy feedback

scenarios. Overall, we conclude that JSCCformer-f is robukt feedback noise.

—s— BPG-Capacity

—s— BPG-Capacity

030 —+— DeepJSCC-f —+— Deep)SCC-f
—e— |SCCformer-f (lite) —e— |SCCformer-f (lite)

0.25 —4— ]JSCCformer-f 02 —a— JSCCformer-f
v o020 n "
[a [a
E E 0.15
1015 —

SNRtest (dB) SNRtest (dB)
(@) ' =16 for CIFAR10 dataset. (b) ' =1+12for CelebA dataset.

Figure 5.7: LPIPS performance of di erent schemes, where meld are trained with< = 2.

Perceptual quality evaluation To conduct a more comprehensive assessment of the model's
perceptual qualities, we extend our evaluation with LPIPS masurements. To enhance the
optimization of the LPIPS metric, akin to prior works [125, we introduce an additional LPIPS
term into the loss function, formulated as follows:L1)-5° = E kY 9k§ . LPIPStY={r,

where__is set as @1 in our simulations.

As shown in Fig. 5.7, JSCCformer-f achieves the best perceptual performance @ss a spec-
trum of channel conditions, bandwidth ratios, and datasetsIn particular, in poor SNR condi-
tions, JSCCformer-f exhibits a substantial performance adwtage over DeepJSCC-f and BPG-
Capacity scheme, with a maximum LPIPS discrepancy ofsZ235 and 6245 at SNR 2dB for
CIFAR10 and CelebA, separately. A similar trend is observed i the JSCCformer-f (lite),
which preserves adaptability to channel variations but suers a slight performance degradation

relative to the original JSCCformer-f model.
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~Table 5.1: Performance of models over the Kodak dataset.
Dierentmodels | 2dB | 1dB | 4dB | 7dB

JSCCformer-f 2920dB | 30'84dB | 3205dB | 3316 dB
JSCCformer-f (lite) | 29916 dB | 30-76 dB | 3190 dB | 3291 dB
DeepJSCC-f 2802 dB | 2957 dB | 3104 dB | 3220 dB

Ground Truth DeepJSCC-f JSCCformer-f (lite) JSCCformer-f

Li
il

29.34/-2 30.95/-2

DeepJSCC-f JSCCformer-f (lite) JSCCformer-f

Original Patt_:'h

29.75 /-2 31.46 /-2 31.54/ -2 31.25/1 32.67/1 32.79/1

PSNR (dB ) / SNR (dB) 24.94-2 25.59/-2 25.66 /-2 26.39/-2 26.95/1 27.14/1

Figure 5.8: Visual comparisons of images transmitted by Deepd&-f, JISCCformer-f (lite), and
JSCCformer-f over the AWGN channel, where the model is traideon the ImageNet dataset
and validated on the Kodak dataset at various SNR values and = 1+12.

High resolution dataset and visualization In order to evaluate the model generalizability,
we validate the JSCCformer-f and JSCCformer-f (lite) with< = 2 on the Kodak dataset using
(#' cap@ »M-104M4B and ' = 1+12, utilizing CPE method. Speci cally, models are trained wh
randomly cropped 256 256 patches from the ImageNet dataset and subsequently eatled

on the Kodak dataset.

The performances of JSCCformer-f, trained at speci ¢ SNRs, drdSCCformer-f (lite), trained

with random SNRs, are compared against DeepJSCC-f over the Av&hannel, and the results
are presented in Table5.1, where' =112, < = 2. In high-resolution datasets, JSCCformer-f
based schemes maintain state-of-the-art performance andacnel adaptability across various
SNRs. Moreover, a su ciently large dataset (such as ImageNegllows our model to perform

well on previously unseen images across a wide range of cl@monditions (SNRS).

We visualize the comparisons of the recovered image patctiss DeepJSCC-f, JSCCformer-f
(lite) and JSCCformer-f in Fig. 5.8 We can observe that JSCCformer-f performs the best

with more detailed high-frequency features (e.g., hair antlees), particularly in the low SNR
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Ground Truth After the 1st interaction, After the 2nd interaction,
PSNR=13+98 dB PSNR=18+84 dB
" Uae= .

/ i Aam. T | i I = . | ¥
After the 3-rd interaction, After the 3-rd interaction After the 4-th in teraction,
PSNR=22+24 dB Attention map PSNR=24+15 dB

Figure 5.9: Visualization of the reconstructed image with JSCiGrmer-f after each interaction
for an input image from the Kodak dataset, where the model is&amned on the ImageNet dataset
with ' =112, and(#' = 2 dB.

regime, e.g., at 2 and 1 dB. JSCCformer-f (lite) demonstrates comparable vialperformance

to JSCCformer-f and exhibits a noteworthy improvement over BepJSCC-f.

Additionally, the e ect of each interaction and the attention of the JSCCformer-f model in each
transmission block are presented in Fig5.9 and 5.10 where we trained the models from the
ImageNet dataset and tested the models over the Kodak and theelebA datasets. We can
observe that the reconstruction performance is signi cafy improved after each interaction,
particularly in some high-frequency details. Interestinly, the model tends to acquire an initial
understanding of the overall semantic structure after thenitial interaction, subsequently recov-
ering a rough sketch. It then proceeds to enhance and re nesiprior reconstructions through
successive interactions. Furthermore, the attention mapfahe model in the nal interaction

revealed that our model could concentrate on some blurry @& and re ne them in the next

block, demonstrating how our method re nes results in a cose-to- ne manner based on the

attention mechanism.
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Figure 5.10: Visualization of the reconstructed image with JSCformer-f after each interaction

for images from the CelebA dataset, where the model is traiden the ImageNet dataset with
' =112, and(#' = 2 dB.

5.4.2 Adaptability

This section validates the SNR-adaptability of JSCCformer-fTo verify the SNR adaptability,
we adopt a random-SNR training method. That is, the SNRs in ther&ining phase are uniformly
sampled from the range» 2-15/dB. After training, the well-trained model is then evaluated
at di erent test SNRs. We expect the JSCCformer-f and JSCCforme (lite) encoder to learn

the channel conditions from the feedback signal to help theadel map the source signal into

channel symbols via the SA mechanism.

Table 5.2: Ablation study over di erent training strategies( xed SNR or random SNR), where
< =4and' =13.

Di erent channel SNR 1dB 7 dB 13 dB
JSCCformer-f ( xed) 3311 dB | 3885dB | 4332 dB
JSCCformer-f (random) 3269 dB | 3831 dB | 4147 dB
JSCCformer-f (lite) ( xed) 3291 dB | 3864 dB | 4277 dB
JSCCformer-f (lite) (random) | 3289 dB | 3857 dB | 4187 dB
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(a) (b)
Figure 5.11: (a) Performance of JSCCformer-f (lite) comparedith other schemes in AWGN
channel, where' = 16, and < = 2. (b) Performance of JSCCformer-f (lite) trained with

random SNRs over noisy feedback link in the AWGN channel, whet = 1+6 and< = 2.

We rst conduct an ablation study over di erent training str ategies for JSCCformer-f and
JSCCformer-f (lite) in Table 5.2 where< = 4 and' = 1+3. When trained for a specic

SNR, JSCCformer-f achieves superior performance, tailoringodel parameters for this channel
condition. On the other hand, when trained over random charad SNRs, both models experience
performance degradation. However, JSCCformer-f (lite) extits a reduced level of performance
degradation due to its simpli ed architecture, particulaty the lack of a decoder module at the
transmitter, which makes it di cult to adapt to varying chan nel conditions. These results
highlight that JSCCformer-f (lite) is tailored for varying channel conditions, and we set the

model trained for varying channel SNRs as the default JSCCfoenf (lite) model.

To compare with the benchmark, we repeat the experiments in ¢i 5.4 and plot the perfor-
mance of JSCCformer-f, JSCCformer-f (lite) and DeepJSCC-f witdi erent training strategies
in Fig. 5.11a It can be observed that the DeepJSCC-f scheme exhibits a sigant degradation
in performance when trained with the random SNR strategy, indating its inability to adapt
to diverse channel conditions. Then, we compare the perfoamce of the JSCCformer-f (lite)
model trained using random SNRs and the optimal DeepJSCC-f meld trained at each indi-
vidual SNR. As shown, JSCCformer-f (lite) outperforms DeepJSCG€across all SNR scenarios,
with a maximum gain of 164 dB. JSCCformer-f (lite) can adapt to di erent test SNRs. Im

portantly, this channel adaptability is attributed to the proposed method's inherent attention
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mechanism rather than being solely an outcome of the randomatning strategy.

In a comparative analysis between JSCCformer-f (lite) and JSGormer-f from Fig. 5.113
the results indicate that the performance of JSCCformer-fi¢e) is only slightly worse than the
optimal performance of JSCCformer-f at all SNRs. The perfornrmae gap is smaller than €4dB.
In summary, our JSCCformer-f (lite) is able to achieve closeepformance to JSCCformer-f in a
wide range of SNRs and is signi cantly better than DeepJSCC-it is worth noting that we do
not feed the channel SNRs explicitly to the encoder and decadénstead, they are implicitly

learned by JSCCformer-f from the observed channel outputs.

We also evaluate the robustness of JISCCformer-f (lite) to theoisy feedback case while main-
taining channel adaptability. We consider JSCCformer-f (te) with noisy AWGN feedback links
with feedback SNRs of 0 dB, 10 dB, and 20 dB, whose performanseliustrated in Fig. 5.11h
When SNRy, = 20 dB, the performance is only slightly worse (the gap is snhal than 0.6 dB)
compared to that with a noiseless feedback channel. When SR 10 dB and SNR, = 0 dB,
the performance continues to degrade; the gap from the ndsss feedback case is up teldB
and 1.3 dB, respectively. Compared to DeepJSCC-f with ideal feedtlg JSCCformer-f (lite)
exhibits superior performance even when the feedback chahi®NR is 0 dB. This observation

con rms the superiority of our JSCCformer-f (lite) model andits robustness to noisy feedback.

To better understand the e ect of the Siamese layer, we conduan additional ablation study
over the Siamese layer, where JSCCformer-f and JSCCformelife) models are trained over
the CIFAR10 dataset with ' = 1¢6 and < = 2. The results are presented in Tablé.3,

which demonstrates that similar to B, 120, the incorporation of a Siamese layer enhances the

transmission performance.

Table 5.3: Ablation study of the Siamese layer on the CIFAR10 daset,' = 16, < = 2.

Channel SNR 1dB 7dB 13dB
JSCCformer-f 28'06dB | 3298dB | 36"37dB
JSCCformer-f w/o Siamese 2745dB | 3253dB | 36<01dB
JSCCformer-f (lite) 2805dB | 3273dB | 35%60dB
JSCCformer-f (lite) w/o Siamese| 2752dB | 3243dB | 3535dB
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5.4.3 Model e ciency

This section evaluates the model e ciency of the di erent shemes. Table.4 presents the model
size, oating point of operations (FLOPSs), and the coding tine for DeepJSCC-f, JSCCformer-f,
and JSCCformer-f (lite) with di erent number of blocks on theCIFAR10 dataset (with a batch
size of 1 and = 1+2).

Table 5.4: The number of parameters (millions), FLOPs (G), ashcoding time (ms) for di erent
models; bold gures correspond to the minimal values among erent models for each< value.

Block number < 1 2 3 4 6 8 12
DeepJSCC-f 1058 254 40.25 55.21 8510 11499 174[76
Parameters JSCCformer-f 1293 1295 1296 1297 1299 13.02 13/07
JSCCformer-f (lite) | 12.93 12.93 12,93 1293 1293 1293 12.93
DeepJSCC-f 1.06 2.82 4.58 6.34 9.86 13.38 2042
FLOPs JSCCformer-f 0.83 1.67 2.51 3.35 5.03 6.72 10.12
JSCCformer-f (lite) | 0.83 124 164 205 286 3.66 5.28
Encoding DeepJSCC-f 1.82 6.12 10.03 14.10 21.99 32.07 45.94
time JSCCformer-f 475 1376 23.20 32.64 50.22 7154 111.02
(ms) JSCCformer-f (lite) | 4.54 9.04 13.72 18.20 27.64 36.83 58.82
Decoding DeepJSCC-f 1.84 4.32 6.13 8.21 1215 17.40 24.12
time JSCCformer-f 4.68 544 4.89 5.36 496 3.78 4.46
(ms) JSCCformer-f (lite) | 4.97 4.12 500 473 4.79 3.98 4.15
Total DeepJSCC-f 3.66 1044 16.16 2231 34.14 49.47 70.06
time JSCCformer-f 943 19.02 28.09 38.00 5581 75.32 11548
(ms) JSCCformer-f (lite) | 8.51  13.16 18.72 22.9332.43 40.81 62.97

As shown in the table, the parameter count of DeepJSCC-f rapigdincreases as the block number
increases, leading to a more complex model. Conversely, JS@@er-f and JSCCformer-f (lite)
maintain a lower parameter count, even as increases€ i 6). Notably, JISCCformer-f (lite)
exhibits the lowest parameter count wherx j 1. Interestingly, when< = 12, JSCCformer-
f (lite) achieves improved performance while reducing mempoconsumption by up to 926%
compared to DeepJSCC-f. In terms of computational complexit it becomes evident that
DeepJSCC-f incurs greater computational costs (FLOPSs), pacularly as the number of blocks
increases. JSCCformer-f (lite) requires up to*8x times fewer FLOPs while maintaining com-
petitive performance, indicating superior e ciency. Our JSCformer-f-based methods demand

fewer computations to achieve optimal performance, implyg signi cantly lower latency in
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practical use.

While FLOPs measure theoretical complexity, actual inferemctime also depends on factors
like memory access, I/O bottlenecks, hardware parallelisnand software-level optimizations.
For instance, models with fewer FLOPs but irregular structues (e.g., sparse or highly modular
architectures) may result in less e cient execution due to ne cient cache usage or kernel
overheads. To bring a more comprehensive understanding betmodel's computation cost, we
presented the encoding and decoding time of di erent methedvith a GPU of RTX A6000 and
a CPU of Intel Xeon Gold 5220R in Table5.4. The coding speed of the DeepJSCC-f is the
fastest, coming from the well-optimized CNNs inference liborp For the JSCCformer-f, it is
feasible to maintain the average coding time at an acceptabtange within 51ms wherx Y 6.
Compared with JSCCformer-f, JSCCformer-f (lite) signi canty reduces the coding time, with
potential savings of up to 47%. Regarding the decoding timi,is noteworthy that the decoding
operation for JSCCformer-based models is executed just oneeth an average decoding time
within 5 ms, indicating a rapid decoding speed at the receiue Conversely, the DeepJSCC-f
model must conduct multiple decoding operations at each hdk, resulting in high receiver-side

latency, especially wher< increases.

In summary, our proposed method demonstrates both practiig and e ciency in terms of
the model size and computation complexity. It is worth highghting that further optimization
exists in our models' inference speed, encompassing altgive hardware options, di erent

implementations, and acceleration techniques for ViT.

5.4.4 Variable Rate Transmission

The JSCC coding problem with channel feedback can be reforratéd by imposing a particular
transmission quality objective and minimizing the correspnding channel bandwidth, where
more signi cant gains can be observed when considering \&sle-length coding 85, 78]. As
previously emphasized, the design of JSCCformer-f, which psathe channel symbols consid-

ering the decoder's present belief of the transmission, shierently suitable for variable rate
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transmission. Speci cally, the transmitter can determinghe stopping time by analyzing the de-
coder's current knowledge of the transmission with the helpf perfect channel output feedback.
The transmitter stops the transmission of the remaining blcks when the current performance

meets the desired target.

We evaluate the performance of JSCCformer-f with variable ansmission rate, where we com-
pute the average bandwidth necessary to achieve a prede n@SNR target. For a fair com-
parison, we set< = 8, same with DeepJSCC-f. In the BPG-Capacity scheme, we contpuhe
number of channel uses required to transmit the minimum nundy of compressed bits while
satisfying the target PSNR value using a capacity-achievinchannel code. In order to improve
the e cacy of variable rate transmission, we ne-tune the wdl-trained JSCCformer-f while pre-
serving the end-to-end transmission p,erformance, which aghieved through the utilization of
the subsequent loss functiof:? ) -5° = ! 2. kY Yiks, whereYi, st °is the intermediate
reconstruction of the source signal at the transmitter afteeach block. This additional loss
term can guarantee the intermediate transmission quality ile incurring a trade-o with the

nal performance, where the weight assigned to each term caeagulate this trade-o .

The cumulative distribution function of the required bandwdth to achieve two distinct PSNR
values (25 dB and 30 dB) is presented in Fig.5.12a We can observe that JSCCformer-
f provides signi cant improvements compared to DeepJSCC-fnd BPG-Capacity across the
entire range, particularly when the target PSNR is higher. Fig 5.12b displays the average
bandwidth ratio needed to achieve distinct target PSNR valul'e The observed signi cant
improvements compared to the digital scheme con rm the theetical results in this practical
scenario. Furthermore, the JSCCformer-f model exhibits sepior performance and establishes
a new state-of-the-art performance, particularly in the tgh target PSNR value regimes. We
can conclude that the JSCCformer-f maintains its superiofgtin the variable rate transmission

scenarios and achieves state-of-the-art performance.
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(a) (b)

Figure 5.12: Target PSNR analysis of di erent schemes for vaible rate transmission. (a) The
cumulative distribution function over various bandwidthsgiven a speci c target PSNR. (b) The
average bandwidth ratio to achieve a speci c target PSNR.
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Figure 5.13: Schematic illustration of extending our JSCCfarer-f scheme into broadcast chan-
nels.

5.45 JSCCformer-f for broadcast channels

This section veri es the generalizability of the proposed JSCformer-f architecture by extending
it to the broadcast channel. In the broadcast channel modehs shown in Fig. 5.13 one
transmitter aims to deliver two imagesY;” Y> to two receivers, respectively. The transmitter
rst encodes the two inputs to a block of symbols®; and then transmits *; through the
broadcast channel. The SNRs associated with the two receisaare " 1 and ~ . We denote the
received signal at the two receivers by ! and _?, respectively. Subsequently, * and _? are
fed back to the transmitter for the encoding of the next block”; 1, and so on. The feedback

is assumed to be noiseless in this section.

In contrast to the previous point-to-point scheme, the trasmitter in this scheme employs a
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broadcast code to map the signal source based on the feedbamjnals from both receivers.
To optimize the network e ciency for multi-receiver scenaios, we adopt two compact ViT-
encoders!! c = 4-#3 = 4-3= 256 per message, following Algorithm3, and an additional
ViT-encoder ! c= 4-#3= 4— 3= 25@ with the same structure to combine the feature maps of
the two source signals. At each receiver, a ViT-decodéy c= 4 #z3 = 4- 3= 25@ is deployed to
reconstruct the received image®; following Algorithm 4. The PSNR of receiver8is denoted
by PSNRg-8= 1-2. The loss function is given by:L, = MSE1Y;—%1° 11 °MSE1Y,—Y-°,

where parameter_ 2 »0-1¥balances the performances of the two receivers.

(a) (b)

Figure 5.14: (a) PSNR performance region from di erent schersgwhere' = 146, "1 =4 dB
and ", = 7 dB . (b) Average PSNR performance of JSCCformer-f (broadcastyr di erent
channel SNR pairs.

As the benchmark, we again consider the digital scheme "‘BPGy@acity’, which utilizes BPG
as the source coding scheme and assumes capacity-achiecimgnnel codes of the broadcast
channel with feedback 147, 14§. In particular, the achievable rate region lies within the

intersection of the curves parameterized by 2 »0-1Vas:

] ll Uo/g O_l — 11 11 LPO/(Bo_
111 1

1- > 722 272 %5 U2 (5.11)
f2.12
112
and
1 _ll 11 LJJO/(Bo_v _ll Uo/g o_
1=35', U% f2 272 1, 1272 (5.12)
22

where' ; and ' , are the achievable ratesf 12 f22 are the corresponding noise power of each
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channel, and%g is the power constraint. We rst compare the achievable PSNRegion of the
JSCCformer-f and the BGP-Capacity method in Fig.5.143 where we considef 1 =4- ", =7
(dB) and ' = 1+6. For BPG-Capacity, we plot each PSNR performance pahlPSNR;—PSNR°,
considering the convex hull of the capacity region. For JSC&@imer-f, we plot the performance
pair from each model trained with di erent _ 2 »0405-0495%2 Signi cant improvements can be

observed from our JSCCformer-f-broadcast scheme (at leastB3for each receiver).

We then consider the average PSNRP2NRLPSNR10 of ySCClormer-f and BGP-Capacity as
a function of various SNR pairs’ 1— 2 2 » 2-10/dB in Fig. 5.14h where we set = 0%
and' = 1+6. We can observe that JSCCformer-f outperforms BPG-Capagiin all the SNR
pairs. The average PSNR gains are at leastdB. In conclusion, the proposed JSCCformer-f
framework can be easily generalized to broadcast channelsdaachieves signi cantly better

results than the conventional separation approach.

5.5 Conclusion

We presented a new feedback-aided wireless image transiisparadigm, dubbed JSCCformer-
f. JSCCformer-f addresses the four key problems of existingage transmission methods with
channel feedback, i.e., high complexity, inadaptabilitysuboptimality, and non-generalizability.
First, JSCCformer-f generates coded symbols using a uni ed @der by exploiting the seman-
tics from the source image and the feedback signal from thecedver (i.e., the decoder's current
belief about the source image), and is computationally e @nt. Second, JSCCformer-f shows
channel adaptability over a wide range of SNRs without the neefor a separate channel es-
timation module. Third, JSCCformer-f sets a new state-of-te-art and signi cantly improves
the transmission quality in all the SNRs and bandwidth ratio alues considered in this chapter,
compared with DeepJSCC-f and traditional digital schemes. Rally, we extended JSCCformer-
f to broadcast channels and demonstrated that the transmigr can learn to adaptively map
the inputs and the multiple feedback signals to the channehput, considering di erent channel

conditions to satisfy multiple receivers.
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5.5.1 Future work

Moving forward, JSCCformer-f can be extended in multiple dactions:

" We have assumed that the receiver passively feeds back theeaiged coded symbols and
relies on the encoder to extract semantic information fromhe feedback. More generally,
the receiver can actively code its feedback based on its krledge about the source and

can add protection against noise in the feedback channall].

A major performance gain of JSCCformer-f arises from addital feedback overhead.
This cost can be mitigated by designing a joint DeepJSCC schenfor the feedback link,
reducing communication load while improving robustness tchannel noise. The trade-o
between feedback resources and performance gains can bihéurexplored in future work

from a more practical perspective.

The encoder of JSCCformer-f utilizes the SA mechanism to prexss the received feedback.
In principle, more advanced learning techniques, e.g., @®attention mechanism and
contrastive learning methods, can extract useful semantidrom the feedback signals and

generate coded symbols to re ne the receiver's belief.

Another interesting line is to consider a generative model avable at the receiver 125,
which may not be known to the transmitter. Feedback, in this ase, needs to convey this

additional knowledge to the encoder.



Chapter 6

DeepJSCC empowered edge inference

for semantic communication

6.1 Introduction

Following the investigation of DeepJSCC for image transmigs across various channel models
in previous chapters, this chapter examines the applicatioof DeepJSCC technologies in edge
inference tasks. Recent advancements in distributed edgengputing have intensi ed the need
for e cient inference methods, particularly in the context of cooperative image retrieval tasks.
These tasks involve multiple edge devices attempting to id&fy the same object within a gallery
database, captured from various cameras at di erent angleas illustrated in Fig. 6.1(a). This
process, known as re-identi cation (RelD), presents a signant challenge due to the diverse
perspectives and qualities of the images involved. The colapity of these tasks is compounded
when data must be communicated between nodes to increaseenehce accuracy, leveraging

limited communication resources across distributed des [LO, 57, 86).

Traditionally, communication systems aimed at supportingsuch distributed tasks encode the
images at the application layer and convey the encoded feats to the edge server using ex-
isting source coding, channel coding, and modulation tecigues. However, the strict latency

requirements inherent in many edge applications necesséaxtremely short blocklength codes,

137
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Figure 6.1. (a) Collaborative edge retrieval task. (b) CL forcollaborative edge retrieval:
the dotted and solid rectangles represent the informationoatained in each observation and
the shared identity-related information between two obseations, respectively; the common
identity-related features are represented by the orange mts, while the inconsistent features
are represented by other colors. We expect CL module to help and 9, to be more discrimi-
native with maximum semantic consistency and identity-relted features.

leading to heightened suboptimality in separate source-ghnel coding schemes as the code
length decreaseslfl]. The suboptimality of separate source and channel codingneloyed in
the digital transmission scheme can be attributed to two pmary factors. First, the subop-
timality of the conventional separation transmission schee becomes apparent in the nite
blocklength regime, as demonstrated in5[/] within a point-to-point scenario. Second, even
in scenarios with an in nite blocklength regime, the sepat@n scheme becomes suboptimal
when the transmitted sources over the MAC exhibit correlatin [149 150. Existing literature
establishes that harnessing the correlation between soascto generate correlated codewords
at the transmitter can strictly enhance end-to-end performance 150 151]. Facilitating partial
cooperation among distributed transmitters necessitatesllowing the transmitted signals to

exhibit statistical dependence on the source outputs, theby inducing correlation among the
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transmitted signals. In contrast, separation-based sche&® operate oppositely, where the depen-
dence among sources is destroyed by separate source and mwbbooding operations, resulting

in independent transmitted signals and sub-optimal perfonance.

To address these ine ciencies, there is a growing shift towds semantic communication systems
in edge computing. These systems leverage DeepJSCC to ptipe the transmission of goal-
oriented semantic content over raw data4], 50, 54, 91, 157. By focusing on the semantics and
relevance of the information, semantic communication optiizes the process to transmit only
the most critical semantic features. This strategic focusgni cantly reduces bandwidth and

power consumption and enhances the accuracy of inferenceakis by ensuring that essential
information is e ectively preserved during transmissionAs a result, semantic communication
o0 ers a robust and e cient solution for managing the complexties of distributed image retrieval

in edge environments. One notable example is the implemetitm of a deep learning-based
JSCC wireless retrieval scheme, which has demonstrated stpe performance compared to

traditional separation-based digital approaches under viaus channel conditions $7).

Additionally, research on remote retrieval involving multple users has led to the development of
collaborative semantic communication schemes. These sties improve inference accuracy by
leveraging additional information from multiple views andutilizing DeepJSCC technologies3).
Furthermore, the study explores both orthogonal multiple ecess (OMA) and non-orthogonal
multiple access (NOMA) schemes. In particular, the NOMA schemeavhere devices transmit
over a shared channel, has been shown to provide substanti®ne ts by maintaining the

correlations among the transmitted symbols, thus enhanajthe overall system performance.

In addressing the multi-device edge retrieval problem, thimherently distributed nature intro-
duces signi cant collaborative challenges. Edge devicesist work together to extract pertinent
semantic information, discarding irrelevant data to optinize inference accuracy within the lim-
ited bandwidth constraints. To this end, contrastive learing (CL) emerges as a powerful tool
for developing discriminative representations of commoresantics among correlated inputs.
CL operates on the principle of enhancing feature discrimation by minimizing the distance

between features of the same identity and maximizing the daénce between features of di er-
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ent identities. Well-known CL frameworks such as MOCO-V213, SImCLR [154, and BYOL
[1559 have demonstrated their e cacy across various machine lea@ng tasks, including object

detection[L56, semantic segmentation157, and classi cation [15§.

The essence of CL aligns closely with the goals of semantientounication, especially in edge
computing environments. By focusing on the semantic aspsabf data, CL in semantic commu-
nication systems 159 16(Q facilitates more e ective preprocessing and helps disemtgle com-
plex data patterns, signi cantly enhancing the quality of he information transmitted across
networks. To leverage these advantages, we propose a CLduhsollaborative semantic commu-
nication (CL-SC) scheme. This approach not only ne-tuneshe semantic feature extraction
but also tailors it to the speci c requirements of edge infemce tasks. The CL-SC scheme
systematically optimizes the extracted features in a coago- ne manner, capitalizing on the

inherent correlations within the data to boost overall infeence performance.

One key innovation of the CL-SC framework lies in our appro&cto interpreting the received
noisy signals. We consider the received noisy signals witbrelations from various JSCC en-
coders and channel realizations as distinct augmentatiod the source signal in the presence
of diverse disturbances. This design allows us to employ Cedhnologies to maximize inference
accuracy by re ning the received coarse semantic featureSpeci cally, we model the problem
as a multi-terminal and noisy channel variant of the remoteairce compression problenif]].
As shown in Fig. 6.1(b), we model the source images; and s, from di erent cameras as the
distinct noisy versions of the desired identity through stochastic channel£1s;jr° and ?1s,jr°,
denoted as "view disturbance’, where the varying backgrods and viewing angles can introduce
extraneous information. Following previous pipelines], 86] with promising performance, we
rst encode the source signals into semantic featureg and vy, which are transmitted over
the multiple access channel (MAC) and then reconstructed dle coarse semantic features by
a JSCC scheme, denoted a and ¢,. This process is modeled as the “transmission distur-
bance' ?191jv1° and ?10,jv,°. Note that the transmission disturbance process is optimideo
maximize the nal reference accuracy instead of minimizinghe transmission distortion. The
reconstructed features are then input to a contrastive semac decoder to output the inference

identity f, where a cross-view CL method is proposed to re ne the coarsemantic features by
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maximizing the common identity-related information betwen di erent disturbed views.

Another key innovation is that, by combining the proposed crgs-view CL mechanism with the
\over-the-air" (OTA) technologies [167, the proposed CL-SC scheme transmits and aggregates
the semantic features as analog values over the shared waesl channel, which can exploit
the superposition property of the wireless medium and achieuwhe state-of-the-art (SOTA)
performance. Speci cally, we rst consider the OMA schemengploying time division multiple
access (TDMA), and compare our CL-SC with previous JSCC and digl schemes %7, 86.
Then, we investigate the proposed CL-SC scheme over an attative NOMA transmission
approach employing OTA technologies, which reveals additial noteworthy advantages across
various distributed inference tasks163 164. The integration of OTA technologies within the
NOMA scheme is expected to optimize the inference performancspeci cally those denoted
as feature-over-the-air. The CL-SC framework leverageseltontrastive learning mechanism to
explicitly acquire the discriminative features of signalbased on their correlations. This aligns
synergistically with the inherent characteristics of OTA &chnologies, increasing the distance
between di erent clusters. Consequently, this alignmentréhances the retrieval performance

within the system.

Our main contributions can be summarized as follows:

" We put forth a novel CL paradigm for edge inference and invegate the e ect of the
channel condition on the properties of semantic informatrotransmitted by di erent edge
devices. To the best of our knowledge, this is the rst work tantroduce contrastive

learning technologies for edge inference in semantic commuaation systems.

A~

The proposed CL paradigm reveals how the correlations betare the transmitted sig-
nals from di erent wireless devices can be optimized to impve wireless edge inference
performance. This paradigm can be used in any scenario whenelti-correlated signals
exist and can be extended into more than two sources. Additiaity, we apply OTA tech-
nologies to enhance the inference performance by explogithe superposition property

of transmitting the correlated signals.
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" Numerical experiments verify that our method improves uponhe SOTA edge inference
performance in all the considered channel conditions and rdwidths. The utilization
of CL technologies can signi cantly improve retrieval pedrmance for both OMA and
NOMA transmissions, particularly in scenarios charactered by low signal-to-noise ra-
tio (SNR) and limited bandwidth. Furthermore, the integration of the proposed CL-SC
scheme with OTA technologies in the NOMA transmission methodttains optimal per-

formance.

6.2 Related work

Image retrieval  The goal of image retrieval is to recognize the identity of #nimages 163.
Given a query image, its similarities with images of di erenviewpoints from the gallery
database are assessed. Through performing the nearest hb@s search, the image retrieval
model can search gallery images containing the same ideytds the query image, facilitat-
ing the prediction of the query image's identity. The retri@al performance can be evaluated

through the top-1 retrieval accuracy 169.

The image retrieval problem has undergone extensive ex@tion in recent years 164. Authors
in [167] introduced attention-aided models, while16§ proposed a Horizontal Pyramid Matching
approach. To achieve the SOTA performance, a transformeabed model is proposed il f9.
In the multi-view scenarios, L7Q utilized a temporal attention mechanism, and{71] presented

a parsing-guided cross-part reasoning network.

While these advanced methods can improve the model's perfante signi cantly, they add
tremendous computation complexity to the model architectee, which is critical to the remote
inference problem. As the complex retrieval algorithm canhde deployed and performed
locally on the edge device, the necessity arises to transnsiémantic features via a wireless
communication channel for inference processing on the edggver, forming the focal point of

our study.
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Remote inference at the wireless edge Traditional communication systems aim to deliver
the source signals from the transmitter to the receiver withminor distortion under specic
bandwidth resources. However, with the rapid growth of l1oT revorks and the machine-to-
machine short package communications, the goal of emergsgmantic communication systems
is shifting towards edge intelligence, which requires thelge devices to make accurate inferences

[10, 50| rather than reconstructing the source signals.

Most previous literature on joint edge-device inferencd 72 173 employed digital separation-
based schemes. These schemes involve the compression apdrae transmission of source
signals, coupled with distributed inference for tasks siaied at the wireless edge. Inspired by
the success of DeepJSCC schemes in point-to-point transnoss|[35, 41, 43, 45, 47, 48, 160, a

DeepJSCC-based retrieval-oriented communication schensgproposed in$7], where both digi-

tal and analog communication schemes are comprehensivealydsed. The proposed DeepJSCC-
based approach achieves SOTA performance in image retrietasks under all channel condi-

tions at the wireless edge.

Following this, researchers in the studyl0] delved into task-oriented communication in the
context of edge inference. This investigation focuses on pesi ¢ scenario wherein an edge
device transmits the extracted feature vector of a local datsample to the edge server for
remote classi cation. Speci cally, an information bottleneck (IB) framework is formalized to
characterize the rate-distortion tradeo between the infomativeness of the encoded feature and
the inference performance. Extensive experiments demarage a better rate-distortion tradeo

of the proposed method than baseline methods in dynamic chreei conditions.

In contrast to the remote classi cation problem addressedi[1(0], which can be solved locally
at the edge devices with enough computational resources,rdocus instead lies on the im-
age retrieval problem within the edge computing paradigm.nlthis context, remote inference

becomes imperative, given that the gallery database is enslvely accessible at the edge server.

Multi-source collaborative edge inference Compared to the single-source scenario, the

multi-source edge inference problem is much less studiedfe literature. Existing studies over
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multi-device wireless edge inference mainly focus on theassi cation [174 and image retrieval
[57] tasks. In the context of the multi-source remote classi déon task, a task-oriented com-
munication scheme for the multi-device edge inference taskproposed in 174, which achieves
SOTA performance by utilizing the IB principle in the feature extraction process and the deter-
ministic distributed information bottleneck (DDIB) princ iple in distributed feature encoding
process. The model demonstrates superior performance camgul to alternative feature en-
coding algorithms. For a more challenging multi-source raaval problem, the authors in 86]
explore the cooperation between di erent devices for the ltaborative image retrieval task.
This extension introduces an innovative approach aimed atptmizing performance in both
OMA and NOMA channels. Empirical evaluations demonstrate tat leveraging a distributed
DeepJSCC pipeline for the correlated data within the NOMA trasmission approach yields

superior performance.

Nevertheless, no specic paradigm exists to explicitly expit the data correlation between
devices as prior knowledge in multi-source collaborativemantic communication systems. It is
intuitive that incorporating such knowledge should lead t®igni cant enhancements in inference

accuracy, which motivates for our study in developing CL témologies for this problem.

6.3 System model

We consider an edge network comprising distinct devices, each equipped to capture images
of a common identity from various angles and potentially at icering levels of quality. These
devices are interconnected through a shared wireless MAC am edge server, as depicted in
Fig. 6.2 The primary task of the edge server is to perform inferencey lmatching the images
received from these devices against a locally stored datakao accurately identify and retrieve

the image of the same identity.

The edge devices Consider the image captured by th&th device,ss2 R © 2, where | F

and 2 denote the height, width, and number of color channels of thiemage, respectively, for
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Figure 6.2: (a) Schematic of the proposed CL-SC scheme. Thrmrhework aims to re ne
the discriminative power of noisy received features by optizing their representations in the
semantic feature space. The optimization process specillyafocuses on minimizing the feature
distance between samples that share identical identitieghile simultaneously maximizing the
distance between samples that have di erent identities, ¢rancing the robustness and accuracy
of identity matching. (b) Detailed architecture of the JSCC @coder and decoder used in our
system.

82 »l—e+e++—%, The 8th device rst encodes its observed imagssinto a semantic feature vector
v; 2 R?, represented as:

Vi= Bls®:R F 21 R% (6.1)

The resultant v; is then transformed into the complex channel symbols; 2 C as:

Xi = Eglvi°: R’ C'— (6.2)

where : represents the number of channel subcarriers allocated tach edge device. This
transformation can be executed through one of two primary ending schemes: the separation-
based digital scheme or the JSCC scheme. The separation-lshskgital scheme employs a
sequence of feature compression, quantization, and aritktic coding to encode the feature
vectors into channel symbols. Contrarily, the JSCC schemeilizes a specialized JSCC encoder
that directly maps the semantic feature vector into channesymbols. Overall, the mapping

from the source image to channel symbols in th&th edge device can be written as:

Xi=Tgs®: R T 21 C'e (6.3)
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In particular, the channel input xg of each transmitter is subject to the following power con-

straint: %jjx8jj§ %s, where we set%g = 1 without loss of generality.

Channel model We consider two multiple access transmission schemes, duwerized by
a total bandwidth of channel uses: OMA and NOMA transmission schemes. The general

channel model can be represented as
y:H]'Xl”“““”go— (64)

wherey 2 C denotes the channel output vector.

We consider TDMA to realize OMA transmission, in which caseaeh device transmits signals
over orthogonal channels in a time-division manner. We agse each device is assigned an equal
channel bandwidth, where the encoded channel symbols ar@nesented asx;—**exs 2 C
with : = —. We consider Rayleigh slow fading channel and denote the cim&l output by
Yy, i ee«ys¥ 2 C, whereiny; 2 C— is the channel output vector from the8th edge
device, given as:

Vi = &, Wi— (6.5)

where g2 C is the channel gain. It remains constant for channel uses and is drawn from
a complex Gaussian distribution: g CN10-f2°, w; 2 C' is the AWGN term, where each
element of which is sampled from a complex Gaussian distrifion CN10-f2° in an independent
and identically distributed (i.i.d) fashion. In particular, for the AWGN channel case, we set

8= 1.

Within the alternative NOMA approach, distinct devices trangnit the encoded channel symbols
superimposed on each other over the shared wireless chanizglch transmitter will be allocated
the full bandwidth of channel uses, in which case the encoded channel symbols eapgesented
asxj—ee*xs 2 C with : = . Itis worth noting that as input vectors are superimposed on
each other in the transmission, the interference betweendm has to be considered, and there

is only one channel outputy 2 C from the channel instead of multiple channel outputs. Thus,



6.4. Methodology 147

we have

o
y= Xi, W— (6.6)
81

wherew 2 C' is the additive AWGN vector sampled fromCN10-f2°. The channel gains

g CN10-f20, and remain constant throughout the duration of channel uses.

The edge server Upon receiving the noisy channel outputy, the edge server undertakes the
image retrieval task by decodingy to ascertain the identity of the source. Following method-
ologies from §7, 86|, the receiver initially reconstructs the feature vectordr each transmitting

device fromy. This coarse decoding process is formalized as
9g=Dglyo:C | C’- (6.7)

where D g denotes the dedicated decoder for th@&th device. This reconstructed feature vec-
tor, {5, encapsulates the semantic content extracted from the tramitted signal after channel
distortions have been mitigated. Subsequently, the edgerger employs a retrieval matching
algorithm to these recovered feature vectors. This algohin compares the semantic featurels

against a local database to predict the most likely identityof the sourceA

6.4 Methodology

This section presents our Contrastive Learning-based Sentia Communication (CL-SC) scheme
designed for cooperative edge inference. The overall wook of the CL-SC scheme is depicted
in Fig. 6.2(a), with a detailed algorithmic breakdown provided in Algoithm 5. The CL-SC
approach initiates with the extraction of semantic featurse at the transmitter, which are then
encoded for transmission via a JSCC encoder. At the receivehe noisy received features
undergo enhancement through a CL module, which optimizes ke features to improve the

e cacy of the image retrieval process.
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Algorithm 5 The CL-SC paradigm for" devices
Input:
The observed imagels;—e ¢ ess©;
Feature extractors: 1 & —ee**4.5;
JSCC encoder and decoder pairsg(, D1),..., (E~, D+ );
Channel Model: H1°;
Contrastive learning module:C* ¢,
Image retrieval matching method:M?* °;
Output: Object identity: A
Step 1: Semantic Feature Encoding
1: for i=1:M do
2: Vi = Htsi°  Feature Encoding
3: end for
Stage 2: JSCC encoding and coarse decoding

1: for i=1:M do

2: Xj = Egtv;° * JSCC Encoding

3: end for

4: y=HIxy—eeexg?® * Noisy MAC Channel

5: for i=1:M do

6: 0i = Dgty° » Coarse JSCC Decoding
7: end for

Stage 3: Contrastive learning module

1: Z),—e*Zg = CHy—eeedg© » Contrastive learning
Stage 4: Image retrieval

1: A= M1 z) —eeez © * Nearest neighbour search

In our proposed system architecture, the transmitter incquorates a semantic feature extractor
combined with a JSCC encoder; the receiver features corresdmng coarse JSCC decoders and
a subsequent CL module, designed to re ne and utilize the cetated data for precise edge
inference. The design of the JSCC encoder-decoder setuplisstrated in Fig. 6.2(b). Detailed
functionalities and the operational principle of the CL modle are elucidated in Fig6.3. In
the ensuing discussions, we will delve into ve pivotal aspts of the CL-SC framework: overall
work ow, JSCC transmission, CL module (for both" =2 and" j 2 cases), the training

strategy, and the design interpretation.
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Figure 6.3: Contrastive learning module for' devices, wheret:—:— 2B means convolutional

operation with *:—:° kernel, out channel number2, stride B and sg means stop-gradient oper-
ation.

6.4.1 Overall work ow

Aligned with the SOTA retrieval methodologies as detailed irprior studies b7, 86, 16§, we
adopt a consistent baseline for performance comparison. égpcally, within each transmitter
of our system, we utilize a lightweight ResNet50 architecter [L79 as the semantic feature
extractor. This choice is motivated by ResNet50's balance @fciency and e ectiveness in
feature extraction tasks. The operation within the8th transmitter can be represented as
Vi = 5,5°, where 5, denotes the feature extraction function of ResNet50, concling with an
average pooling operation to condense the extracted feaggrinto vi. These features are then
transmitted to the edge server via a JSCC coding mechanism, iwh will be elaborated upon

in Section6.4.2

At the edge server, the transmitted features are rst coarsg reconstructed as9;. This recon-
structed data undergoes further re nement through a CL modhe, detailed in Section6.4.3

resulting in enhanced feature vectorg),. These vectors are subsequently input into a retrieval



150 Chapter 6. DeepJSCC empowered edge inference for semantimemnication

matching algorithm to predict the identity of the source sigals:

A=M1z —eosez 0o (6.8)

To ensure a fair comparison with existing methodologies, wilize a nearest neighbors search
algorithm, as commonly employed in the literature §7, 86. This algorithm calculates the

Euclidean distances to quantify similarities between thewgry images and various viewpoints
within the gallery. Through this nearest neighbors searchwe generate a rank-ordered list
of gallery images, sorted by descending similarity to the @uy image, enabling performance

evaluation based on top-1 accuracy.

6.4.2 JSCC transmission

Motivated by the demonstrated e ectiveness of JSCC in enhaimg semantic data transmission
[35, 41, 43 45, 47, 48], we have incorporated JSCC technologies within our CL-SC gadigm.
We introduce a coarse JSCC decoder to reconstruct the semanteature vector for three rea-
sons: (a) CL-SC models the coarse feature transmission asistwrbance, which a contrastive
decoder can later re ne; (b) it allows easy extension to muftle transmitters without requiring

a joint, tailored design; and (c) it yields better performace, as observed in prior work[/, 86.
Speci cally, semantic features are transmitted through a JSC encoder and then reconstructed
via a coarse JSCC decoder, as depicted in Fi§.2 (a). The architecture for each JSCC encoder
and decoder pair implemented across our system is designecehsure streamlined processing,

with detailed components shown in Fig6.2 (b).

" JSCC encoder . In each transmitter, the JSCC encoder processes the semarifgature
vector v; through two FC layers, each followed by batch normalizatioand Leaky recti ed
linear unit (ReLU) activation functions. This sequence trasforms the semantic features

into encoded channel vectorg; 2 C: Xxj = Egtvi°.

" Coarse JSCC decoder . Conversely, each coarse JSCC decoder reconstructs the se-

mantic feature vector from the transmitted signals. Speccally, the received signaly is
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processed through three FC layers, each also followed by tlathormalization and Leaky

ReLU activation, to reconstruct the coarse feature vectors;: 0; = Dgty°.

Pretraining . To facilitate e ective JSCC transmission, we pre-train theJSCC encoders
Ei1—e¢e++E+ and decoderd 1—e«++B- using a MSE loss function. This function measures
the delity of reconstructed features compared to the origial features:
o) 0
L<gsa=  MSElv=¢, E kvi k3 — (6.9)
&1 &1

where the expectation accounts for variability in both sowre and channel distributions.
Minimizing L <g4 helps re ne the parameters of the JSCC system, with the objaee of
optimizing transmission distortion. This pretraining pracess guarantees the transfer and

retention of semantic feature information at a coarse level

6.4.3 The CL module

We propose a cross-view CL module to re ne the reconstructembarse semantic features. To
facilitate a comprehensive understanding of the module, vie@gin by considering the case where

= 2, whose architecture and operations are elaborated in Fi§.3 and Algorithm 6.

Inspired by[154 155 174, our CL module employs a mutual prediction strategy to optnize
noisy ¥1 and ¢, for more representative semantics. Speci cally, we treat; and ¥, as dis-
tinct noisy observations of the source identity, as in remetsource coding problemsl§]], and

minimize the conditional entropy between them by cross-pdéction operations.

The proposed CL module comprises an online network and a tatgnetwork. The online
network, taking ¢; as input, is optimized to predict the targets produced by théarget network
with input €. Concurrently, the target network is optimized using an av@ge moving strategy
to avert network collapse. In the subsequent sections, wellmdetail the CL module through

two parts: cross-view prediction and loss function.
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Algorithm 6 Cross-view contrastive learning algorithm
Input:

Reconstructed semantic feature vectorsyy, 0,

One-hot identity label vector and main classier:r,
Online decoder, projector, predictor:51°, 2y1°, @*°
Target decoder, projector§1°, ?,10°

Optimizer, target decay rate:$7G, $?G, g

Output:

Optimized contrastive feature:z),, z),

Training phase:
1: for each epocldo

22 7,=95%°% 2z,=51°  Online decoding
3: Los=CE 1z °v4°, CE )1z,°~° « Classi cation loss
4 ) $?2GYH+,)LoL « Update online network
5: if epoch%2= 0 then
6: z,= 9% z,=510°  Target decoding
7 pr,=?17.,° pr,=?17,°  Target projection
8: P, = ?12.% Py, = ?1z,° * Online projection
o: ), =@p),°% 0, = @p),° * Online prediction
10: L, =4 21qu’“°’ 21 Yo, 91 « Cross-view prediction loss
' Oy, kekpr ke = kagy,kakpy, ko
11: ) $?2GY+)Lo° » Update online network
12: / o ,'1 ¢ » Update target network
13: end if
14: end for

Inference phase:
1: 7, = 5401% 2z,= 510°  Optimized feature
2: A= M z) -z ,° * Retrieval matching

Cross-view prediction As illustrated in Fig. 6.3, online and target networks share the same
structure, but with di erent parameters ) and/. Both networks comprise a contrastive decoder
§ and 5, alongside a projection layef, and ?;, respectively. Additionally, the online network

integrates a prediction layer@.

Through the cross-view prediction training, the online camastive decoder aims to optimize
¥; into a contrastive feature z), with more representative semantics. The operations of the
contrastive decoders in the online and target networks, aped to the input ¥; and ¢, can be

represented as:

A= 900 (6.10)

;= Q100
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Inspired from [1L54 155, we empirically design an additional projection layer befe the predic-
tion operation to enhance performance. The operations ofdhprojection layer for the online

and target networks are denoted as:

.= 1z 0—
P)i ) 9 6.11)
Py = 211z,
Then, the result of the prediction layer in the online netwdk is denoted as:
a; = @'p),° (6.12)

which is optimized as the prediction of thep; ;.

Considering the bi-view input data, during the training phae, each viewt; is fed into the
online network asq), to predict the regression targetp,; from the target network, which
employs another complementary view; as the input. Speci cally, we interchange the roles
of ¢; and ¥; by presenting them as inputs to both the online and target netorks during the

training phase.

Loss function  To train the CL module, we introduce a classi cation loss$. 24 and a cross-view

prediction lossL »., where we optimizelL 4 every epoch and. ,. every two epochs.

For the L 4, we introduce a ‘main classier', which is an FC layer folloed by a softmax
operation and denoted as) ! °. The loss functionL »4 is given as:

1
L 24, élCEl )12),°=°, CE ) 17,0+ (6.13)

wherer 2 R is the one-hot identity label vector, is the number of classes, an@E*x—° ,
i . : : :

1 a1'A>61GP 11 AP;>6'1  GPOis the cross entropy loss. Note that this main classi er
is only introduced in the training phase and will be removedithe inference phase, wherg),

and z), are directly used for retrieval. The online network paramets) are then updated by
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the back-propagation with optimizer$?QG over L 24 as:

) $7Gh) )L (6.14)

The cross-view prediction loss 2. measures the distance between the online prediction output

and the target projection output, which is de ned as:

LZ;:kq)l plzkga kq)z p/lk%
o1 YO, =P, Y Q) Py i o_
kq)1k2kp/2k2 ’ kq)szkpllkZ

(6.15)

D;

whereq, , ko), k2

is the normalized online prediction output, andp,, , % is the normalized

target projection output.

To avoid collapse and trivial results during training, we adpt an exponential moving average
updating strategy. Speci cally, we use an optimize$?G to minimize L ,. only with respect to

the online network parameters as:
) $?GY) 4 )Lo°- (6.16)

where only) is updated while freezing , and there is a stop-gradient operation for the output
of the target network. The target network/ is then updated by the exponential moving average
as:

/I g ,'1 g°)- (6.17)
whereg = 099 is set as the target delay rate.

Intuitively, training L 24 prevents vanishing gradients and improves the performancehile
training L 2. encourages more discriminative features with better rementations and semantics

after noisy channels. Our numerical results, which are shavater, will con rm these intuitions.

Multiple sources ( " | 2) While the above discussions have primarily assumed a two-

source setup, the proposed CL-SC scheme is adaptable to se&rs involving more than two
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sources. In con gurations wheré' | 2, the basic optimization strategy, including the use of
the exponential moving average updating, remains unchardyeHowever, the loss functions are

speci cally modi ed to e ectively handle the complexity introduced by multiple sources.

First, the classi cation lossL 24! © is expanded to optimize the online network across devices

in each epoch:

10

Loa= =  CEL 1z, 50 (6.18)

g1
Second, the cross-view prediction lods;.* © is modi ed to encompass every distinct pair of

views to ensure robustness against variance in source perspves:

~ ~

O O X
Lo, = kay, p/,kse (6.19)
&1 9=1-98

6.4.4 Training strategies

In contrast to the adoption of an end-to-end training approeh, our proposed CL-SC paradigm
employs a four-step training strategy: the semantic featerencoders)(1), the JSCC module
() 2), the CL module () 3), and an end-to-end joint training phase Y4). This training strategy
involves the separate pre-training of each network compamtebefore the nal joint training

stage, facilitating a more systematic and e cient training process.

Speci cally, the semantic feature encoder is pre-trainednothe ImageNet dataset in step) 1,
where we incorporate auxiliary classi ers during the traimg phase, which is implemented as
one FC layer and a softmax operation. The auxiliary loss fution is introduced during the

pre-training as:

10

L 2aypclVO = CE? glv;°—o- (6.20)

8

where 11 % and ,!° are the operations performed by the auxiliary classi ers.nl step) 2, the
pre-trained feature encoders are frozen, and only the JSCCtaancoders are trained with the
average MSE loss (Eqn.6.9) between the transmitted and reconstructed feature vecter In

step) 3, the semantic feature encoders and JSCC autoencoders areém and only the CL
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Figure 6.4. Design interpretation of our cross-view CL mode) where the dotted rectangles
denote the information (feature space) contained in the deded viewz), and z,, the solid
rectangle denotes the overlapped information (identityelated semantics). The blue notation
means the operations after exchanging the input views forefonline and target networks during
the training phase.

module is trained with the L 24 and L ,., as shown in Algorithm6. In step) 4, we jointly train

all components withL 24,,.10°, L 24, and L ..

During the inference phase, all classi ers are discardedné we directly utilize the optimized

feature z,— -z, obtained from the CL module for the edge retrieval task.

6.4.5 Design interpretation

In this section, we elucidate the intuition and interpretaton of the proposed CL module. The
proposed cross-view CL module is intricately tailored to émmnce the optimization of the re-

ceived channel symbols of the source signals by considerihgir correlations.
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As depicted in Fig. 6.4 when" = 2, following the JSCC transmission over a MAC, a pair
of correlated source signalss{ and s;) undergoes a transformation within two distinct feature
spaces, resulting in their respective counterpartsf; and ¢,. The correlation between two
sources implies that the¥; and ¢, should exhibit overlap or shared consistent semantics in
the feature space. In contrast, the divergence of informati within these feature spaces arises
from dissimilar distributions attributed to varying backgrounds, variations from noisy channels,
and the distributed nature inherent in separate JSCC netwosk The objective of the CL
module is to re ne two feature space¥;-» into z;—z», such that they encompass a maximal
amount of overlapped information, especially the semanti@associated with the shared identity.
In practice, we propose a cross-view prediction strategy tminimize the conditional entropy

between generated distinct views, 1z,jz:° and  1z1jz,°, to encourage above optimization.

Speci cally, the proposed cross-view prediction method ilizes an online-target twin network
con guration, where the online network optimizes featurel; through minimizing the condi-
tional entropy between the resultant featuresz), and z, as visualized in Fig. 6.4 A tar-
get network with the same structure as the online network ise$igned to form a contrastive
learning mode and prevent trivial solutions. The underlyig intuition is that when two views
are optimally encoded in this problem, their encoded featarrepresentations should com-
pletely overlap, indicating the elimination of all uncorréated semantics. Consequently, we
have 1z jz,° = E?Z)i{/j log 71z, jz),°%= 0, yielding the most representative feature that

integrates information from both views for the edge retrieal.

This optimization objective can be solved by introducing aariational distribution @z,jz,°

and maximizing the lower boundE?Z).{/_ log @z, jz),°%athat is:
i

Eo, o, 1007'7,j2),°YFE,,
i 7j i

Hlog @z, jz),%Ya,
]

2

(6.21)
I 1?1Z/jjz)iok@zljjz)ioo_

where above variational distribution@z  jz),° is normally assumed with a Gaussian distribution

Niz,; 1z)i°—f(2@C9, where 1°is a parameterized model, mapping the); to z;, and f épis
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the variance matrix. In practice [L55 176, after ignoring the constant part derived from the

Gaussian process during optimization, maximizing thE?Z)_ log @z, jz),°Y4s equivalent to
(|

2

the minimization of

E sk, 17,064 (6.22)

2
-Z)i—Z/J.

Considering a symmetric bi-view training data;—%,, we can derive the optimization task as:
minEyy »ky,  12,°k,kz, 1z,°k% (6.23)

Motivated by previous CL literature [155 176 177, we undertake an empirical design for * ©,
which incorporates an additional projection layer ang-2 normalization operations prior to the
prediction. This design choice leads to the formulation ofun model as 1°, @!?)z,°, as

depicted in Fig. 6.3, and the corresponding loss function, as de ned by Eqn6(15.

Based on the aforementioned derivations, the proposed CL dhde facilitates the reduction

of conditional entropy among distinct feature views, thetgy encouraging shared semantic in-
formation while discarding inconsistent information fromthe background and noisy channels.
Consequently, our well-trained model exhibits the abilityto e ectively transfer features across
diverse “views' from di erent source distributions and naly channel disturbance. This capabil-
ity leads to the generation of more representative and disorinative features over the wireless
edge, thereby enhancing the coherence of the semantic idgrind improving the edge inference

performance.

6.5 Training and evaluation

This section presents numerical experiments to evaluatedlperformance of our proposed CL-
SC scheme across diverse channel conditions and bandwidth&e employ the single-source
JSCC schemeq7], two-source JSCC schem@&§] and separation-based digital schem&7] as the

benchmark. In particular, the two-source separation-badealigital scheme incorporates a feature

compressor with quantization and arithmetic coding operains to encode feature vectors for
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communication. Note that we assume MAC capacity-achievingpdes with equal rate allocation
for each transmitter in the digital scheme. Therefore, theaported performance of the digital
scheme is not achievable in practice, particularly for theery low channel bandwidth considered

here.

We investigate both OMA and NOMA transmission schemes with AN and Fading channels
to evaluate the performance gains from the proposed CL moe&ulTo note, there is no channel
state information available in the Fading channel scenariolt is noteworthy that the NOMA-
based approach attains SOTA performance, emphasizing thesrie ts derived from our CL

module and its integration of feature-over-the-air designonsiderations.

6.5.1 Experimental setup

Unless stated otherwise, all models are trained and testedesvthe same channel SNRs with
a total channel bandwidth of = 64 symbols, and we set = 2. We consider the Market-
1501 [L69 dataset. To align with the previous benchmarks and form a benced dataset, we
adopt the same camera views as i8f: »0-2%0-3%»1-3%»1-E%r2-4%4-5Y.and resize the
input images into the 256 128 resolution. Performance is evaluated with top-1 accuna[163.
Our model is implemented in Pytorch with two GTX 3090Ti GPUs. Each fading gain follows

g CN! 0-f20 with f = 1. To measure the channel quality, the average channel SNRis
de ned as

2

In the ) 1, we pre-train the semantic feature encoder for 30 epochs wih batch size of 16 by a
stochastic gradient descent (SGD) optimizer. The learningate is set to 301, while momentum
Is set to 09. The output dimension of the feature encoder is con guredsa2048, utilizing an
adaptive average pooling operation. In thé,, we train the JSCC autoencoders by the SGD
optimizer for 100 epochs with a learning rate ofe. For the) 3, we train the contrastive module
with 40 epochs and a batch size of 512. Two separate SGD optzeris are employed to optimize

the L 2. and L 24 with the same learning rate of @1. In the) 4, the entire network is jointly
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Figure 6.5: Top-1 retrieval accuracy of the di erent schemefor the OMA transmission over
the AWGN and Fading channel across various SNR and bandwidtralues.

trained for 40 epochs. The learning rates for the individuatomponents, namely the classi er,

JSCC autoencoders, and the remaining networks, are set ted0, 001, and @01, respectively.

6.5.2 CL-SC scheme in OMA transmission

We rst conduct a comparative analysis of the proposed CL-S€cheme against existing single-
source, two-source JSCC schemes, and a separation-basedtadigcheme within the OMA

transmission. The performance of di erent models versuswairse channel SNR values in both
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AWGN and fading channels is plotted in Fig.6.5aand Fig. 6.5c¢ Additionally, Fig. 6.5b and
Fig. 6.5dillustrate the performance of di erent models across vargg bandwidth values for

both AWGN and fading channels under a xed(#' =0 dB.

In Fig. 6.5 we plot the top-1 accuracy of dierent models over the AWGN-®IA chan-
nel. In general, the proposed CL-SC scheme outperforms ather existing methods over the
AWGN channel across all SNR values, especially in the low SNRyimes. The enhancements in
performance through the transition from single-source sitegies to two-device JSCC schemes
underscore the advantages of integrating multiple devicesrfcollaborative edge inference. Fur-
thermore, there exists signi cant further performance gai (up to 11408%) when progressing
from two-device JSCC schemes to the proposed CL-SC schemeisTdbservation highlights that
incorporating multi-source correlations via a contrastig approach can be advantageous for edge

inference, particularly in challenging channel conditiomand resource-constrained scenarios.

We can also observe that the performance gain of the CL-SC sdhe decreases as the channel
conditions get better. This decline can be attributed to thefact that under favorable channel
conditions, the transmission distortion of signals becoraecceptable for edge inference, leading
to a reduction in the bene ts derived from source correlatios. Concurrently, the previous two-
source JSCC cannot outperform the traditional digital schemwith capacity-achieving channel
codes in the high SNRs. Moreover, it is outperformed by the gle-source JSCC scheme in
low SNRs, where it might be more bene cial to allocate all thelannel resources to a single
transmitter rather than transmitting two query features, both with low quality. Our proposed
CL-SC scheme resolves the above issues and attains a SOTA@@nance across all SNRs within
the OMA transmission scenario. This superiority is attribtied to the additional CL module,

enabling the model to exploit signal correlations to enhaecthe inference performance.

As shown in Fig. 6.5b our CL-SC consistently outperforms the one-source and tvgmurce
JSCC schemes, where improvements of up te2% and 1204% for all bandwidth  values
can be observed. We can also observe that our CL-SC can sigaintly improve performance,
especially in low bandwidth regimes. However, CL-JSCC cannloting signi cant improvements

in high bandwidth scenarios. It is because, with enough bawitlth, the two-source JSCC
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scheme can also perform well and preserve enough semantcgte edge retrieval task.

Fig. 6.5cand Fig. 6.5d consider the slow fading channel within the OMA transmissio In
comparison to alternative methods for fading channels in OM transmission, our proposed
CL-SC scheme can still achieve SOTA performance over all SNREotably, our CL-SC ex-
hibits additional advantages in the low SNR regime, where th€EL-SC can improve the top-1
accuracy up to 951% compared with the previous best methods. The ndings ulktrated in
Fig. 6.5d demonstrate consistent enhancements (up tec®1% and 1423%) from our CL-SC
for all bandwidth values over the fading channel, when compag with two-source and single-
source JSCC schemes. Particularly, our CL-SC can signi cdytimprove performance in low
bandwidth regimes, such ag= 32-64-128. Intriguingly, our CL-SC also exhibits performance
improvements in certain high-bandwidth regions for the fadg channel, showing its advantage
in addressing challenges posed by the fading channel acreasous bandwidths. In the as-
sessment of various models within both AWGN and fading chasets, the CL-SC can improve
the performance more signi cantly in the fading channel. Ashe fading channel may result in
more distortions and diversities during the transmissiorthe additional optimization steps from
the contrastive learning module are expected to yield morenprovements. This observation
underscores that CL-SC is a more appropriate method for déad with the challenging fading

channels.

In summary, our CL-SC scheme achieves SOTA performance inth@WGN and fading chan-
nels in the OMA transmission across all SNR and bandwidth vahs. We can conclude that
exploiting contrastive learning over multi-source corrakions can signi cantly bene t edge in-

ference for the OMA transmission, especially in poor chaninsonditions and limited resources.

6.5.3 CL-SC scheme in NOMA transmission

Motivated by the enhanced performance observed in the NOMA-J&Ctransmission scheme
[86], our investigation extends the proposed CL-SC scheme toedfNOMA transmission with

OTA technologies, namely as feature-over-the-air. The feae-over-the-air design of the NOMA
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Figure 6.6: Over-the-air superposition of feature vectorsdm a cluster increases the contrast
between di erent class clusters, wher&;, x, are two data points belonging to the same cluster,
while x3 and x4 correspond to two other data points in another cluster.

scheme and the proposed CL module are two sides of one cointhbaf which encourage in-

creasing the feature distance between samples of di eredeintities and minimizing the distance

between samples of the same identity.

We rst present the intuitive explanations regarding the irtrinsic complementary relationship
between the feature-over-the-air and CL designs. Considey the sources are correlated and
associated with a common identity, the extracted semanticeftures and the two transmitted
signals should be similar and \close" in the latent space. Mve visualize the semantic fea-
tures/channel symbols associated with di erent identitis mapped to di erent clusters in a
latent space, adding pairs of vectors from the same clusteiliincrease the feature distance
between the new clusters formed of the added vectors, as shaw Fig. 6.6. By enhancing the
contrast between distinct clusters within latent space, ta feature-over-the-air design facilitates
the preservation of overlapped semantics and heightens tbecriminability of features for the
receiver. This intrinsic characteristic aligns seamlesgsivith the objectives of the CL module.
Consequently, the superposition of the correlated signaioin another device for transmission
ts the CL-SC framework, contributing to the improvements d inference accuracy rather than

acting as interference.

Subsequently, we conduct extensive numerical experimeritsevaluate the performance of the
CL-SC scheme in NOMA transmission. Speci cally, we plot thedp-1 accuracy performance
of various models across di erent SNR values for both AWGN andlow fading channels in

Fig. 6.7aand Fig. 6.7c In addition, Fig. 6.7b and Fig. 6.7d present the performance of
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Figure 6.7: Top-1 retrieval accuracy of the di erent schemef®r the NOMA transmission over
the AWGN and Fading channel across various SNR and bandwidtralues.

di erent models across various bandwidth values for SNR= 0dB in the AWGN and slow

fading channels, respectively.

From Figs. 6.7aand 6.7¢ we can observe that two-source NOMA schemes outperform the
single-source JSCC scheme at all channel SNRs consideredwaigthat incorporating multiple
views to make a collaborative decision is essential to imwethe retrieval accuracy. Compared
with the two-source digital scheme in high SNR scenarios, tlt& -SC scheme demonstrates su-
perior performance, whereas the previous JSCC schemes carmdperform. Compared with

the NOMA JSCC benchmark from 86|, we can observe that the proposed CL-SC scheme can
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signi cantly improve the top-1 accuracy for all channel SNRsespecially in the low SNR regime,
where the CL-SC can improve the top-1 accuracy up to4il% and 838% for the AWGN and

fading channels, respectively. This observation shows thimcorporating multi-source correla-
tions with the CL mechanism can signi cantly improve remoteretrieval performance over a
wide range of SNRs, especially in bad channel conditions. Wis@observe that the CL-based
scheme can maintain an improvement ofe22% at high SNRs, showing the superiority of CL in
the multi-view inference problem. Comparing the performare gain over the AWGN channel
and fading channels in Fig.6.7aand Fig. 6.7¢ respectively, it is observed that the CL-SC yields
more signi cant performance improvements in the fading chmnel. This can be attributed to

the fact that the fading channel is more challenging, whicmiroduces greater distortions dur-
ing the transmission disturbance phase, where the additiahoptimization provided by the CL

module is expected to bring more improvements.

In Figs. 6.7b and 6.7d, the proposed CL-SC scheme outperforms the NOMA JSCC scheme
for all bandwidth values with consistent improvements up tdb+75% and 1377% for AWGN
and fading channels, respectively. In particular, the CL-S scheme signi cantly improves the
performance in the low bandwidth regimes, such as = 16-3264-128. We emphasize that
accuracy over 48% can be achieved for a blocklength of slighbigher than : = 16, which is
extremely short for channel coding, and reliable communitan at = 0dB would not be possible.

This shows that JSCC is essential for latency-constrainedference at the edged].

In comparison to its performance in OMA transmission, as st in Fig. 6.8 the CL-SC
demonstrates superior e cacy in NOMA transmission, achievig a performance enhancement
of up to 1574% and 175% for AWGN and slow fading channels, respectively. The NOMA
transmission scheme facilitates the transmission of fea@s by leveraging the superposition
property, promoting feature overlap. Subsequently, the GISC utilizes the contrastive learning
method to optimize the overlapped features to be more comgasnd discriminative, aiming at

improving inference performance.

In summary, our CL-SC scheme achieves SOTA performance inthhédWGN and fading chan-

nels with the NOMA transmission under various SNRs and banddth values. We can conclude
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Figure 6.8: Performance comparison between OMA and NOMA schemfor the CL-SC.

that exploiting contrastive learning with the feature-ove-the-air design can signi cantly bene t

edge inference tasks, especially in lousy channel condisoand limited resources.

6.5.4 CL-SC scheme for M=3

This section outlines the experiments conducted to evaluatthe performance of the CL-SC
scheme over an AWGN channel with parameters =3 and = 60. The results are elaborated
in Table 6.1 Notably, to ensure a balanced dataset for evaluation, specicamera indices
were selected:»0-1-2% »0-2-4% »1-3-5% and »3-4-5Y4 We can observe consistent performance
improvements from the proposed CL-SC scheme across both OMAd NOMA transmission
strategies. This observation is especially pronounced iow SNR scenarios. Compared to
= 2, the performance improvement of CL-SC with NOMA over multsource JSCC can be
more pronounced, highlighting the e ectiveness of the CL Beme across multiple viewpoints.
For larger numbers of transmitters, performance saturatiois expected; however, this could not
be fully validated due to the limited availability of datasds with more than three views. Given
the additional resource requirements and the clear perfoance advantages already observed,
we suggest that” = 2 or 3 is su cient in most cases. These ndings underscore thgotential

of our proposed CL-SC scheme to be applied in broader distued semantic communication
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scenarios.
Transmission Models 3dB | 0dB 3 dB
OMA multi-source JSCC| 4090% | 5378% | 61¢11%
CL-SC 4595% | 5%34% | 66+41%
NOMA multi-source JSCC| 52:27% | 62¢88% | 66¢78%
CL-SC 59%35% | 6667% | 6994%

Table 6.1: Topl-accuracy of di erent schemes across var®®NR values, where = 60 and
" =3

6.5.5 Result visualization

To comprehensively demonstrate the e ect of the proposed Cinodule in optimizing more
discriminative query features in the feature space, Fig6.9 presents the t-SNE visualization
[178 of the feature spaces for two-source JSCC and CL-SC scheméh WOMA transmission,
where = 64 and (#' = 0 dB. Each distinct color corresponds to a unique class idémyt
selected from the dataset. Speci cally, Fig6.9aand Fig. 6.9b depict the feature spaces of the

original two-source JSCC scheme and the proposed CL-SC sclkeemespectively.

(a) Original features from JSCC scheme(b) Optimized features from the CL-SC scheme

Figure 6.9: Visualization of the features from two-source JSC@&nd CL-SC module, where
=64 and(#' =0 dB.

From Fig. 6.93 it becomes apparent that the features acquired through thevo-source JSCC
scheme lack discriminative and representative qualities'he distance between samples of the

same class is notably distant, and the proximity of samplesdm di erent classes often leads to
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overlap. In contrast, Figure6.9b clearly illustrates that the CL-SC scheme has optimized and
learned discriminative features from the additional conaistive learning module. The distances
between samples of the same class are minimal, while thosenleen samples of di erent classes
are greater. Moreover, there are fewer instances of ovenpapy samples from distinct classes,
compared with the results in Fig. 6.9a This observation emphasizes that the CL-SC scheme

can e ectively enhance retrieval performance by learningistriminative features.

6.6 Conclusion

In this chapter, we introduced a novel contrastive learningpased semantic communication
framework designed to address collaborative edge retriéehallenges. Our approach leverages
signal correlations e ectively and optimizes the transmson of features to enhance retrieval
accuracy within the constraints of available bandwidth and&NRs. The proposed CL-SC frame-
work is applicable to both OMA and NOMA transmission schemesna bene ts signi cantly
from the integration of JSCC with over-the-air technologiesThrough comprehensive numerical
experiments, we demonstrated that incorporating CL can gngcantly boost retrieval perfor-
mance across various channel conditions and bandwidths inoth AWGN and slow-fading chan-
nels, particularly under low SNRs and restricted bandwidth eenarios. The versatility of our
proposed framework makes it suited for any remote communta@ context where exploiting

multiple correlated signals is critical.

6.6.1 Future work

Based on the ndings of this chapter, there are several potgal avenues for future research:

" Contrastive JSCC coding 16Q. Although our CL-SC scheme is designed with an e -
cient cross-view CL fashion, alternative JSCC schemes baseal the CL algorithm also
exist [160. Future research could explore alternative CL algorithmscorporating nega-

tive samples for collaborative edge inference tasks, esp#g the trade-o between per-
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formance improvement and the additional training complexy introduced by negative

samples.

Multimodal contrastive learning. The success of CL in multhodal scenarios79 has
paved the way for practical multimodal semantic systems. Quroposed CL-SC frame-
work can be seamlessly integrated with recently popular pteained large language mod-
els, such as CLIP 179, enabling the development of a versatile CL-enabled sentign
communication system capable of accommodating diverse naditles and di erent edge

tasks.



Chapter 7

Conclusion

Throughout this thesis, we comprehensively explored DeedES, a pioneering technology that
fundamentally challenges and extends beyond the traditiah paradigms established by Shan-
non's separation theorem. By integrating source and channeoding into a uni ed framework

facilitated by deep learning, DeepJSCC heralds a new era ofrmmunication systems charac-

terized by enhanced e ciency, adaptability, and resiliene.

The journey through the realms of OFDM, MIMO, feedback, broadasting, and multiple ac-
cess channels, encompassing tasks from source transmistoedge inference, has highlighted
the versatility and transformative potential of DeepJSCC awmss diverse semantic communi-
cation scenarios. Each of these scenarios presented unigbellenges, serving as a testament
to the limitations of conventional communication systems rad underscoring the necessity for
innovative approaches like DeepJSCC. It is particularly n@worthy that, in several cases, the
proposed DeepJSCC method signi cantly outperforms the theetical upper bounds of speci c
traditional separation-based schemes, even when capasdiyhieving channel codes are assumed.
Moreover, DeepJSCC addresses critical research gaps hgjttied in previous studies by provid-
ing practical and e ective coding solutions. For instancegespite substantial progress in channel
coding, practical implementations for feedback channelemain underexplored, whereas Deep-
JSCC presents a competitive alternative. We believe that thexibility o ered by DeepJSCC,

and its data-driven nature make it a promising alternative dr 6G and future communication

170
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networks.

In conclusion, DeepJSCC stands out as a fundamental innovaiti in the eld of semantic
communications, extending the boundaries of what is ach&ve with JSCC. Its importance
is underscored not only by its challenge to theoretical ling but also by its ability to make
JSCC practical and applicable across a diverse range of sascchannels, and application
scenarios. As research continues to push these frontiersepd@SCC presents a promising avenue
toward developing highly e cient and reliable wireless commnication systems, which can be
adaptable to the increasing requirements and constraintsnposed by emerging applications.
This thesis has established a foundation for further explation and application of DeepJSCC,
demonstrating its potential to optimize the design of semditc communication systems. These
ndings pave the way for future advancements and position PJSCC as a promising solution

for the next generation of communication systems.

7.1 Future work

" Explicit exploitation of source semantic relevance.

In the development of DeepJSCC for semantic communicationhannel characteristics
play a pivotal role and form the central focus of this thesisAdditionally, the attributes

of the source can be explicitly integrated into the design ahore advanced DeepJSCC
systems. For example, incorporating innovations such as gSCC with variable code
lengths optimized for di erent source instances and explimg correlations between dif-

ferent semantic objects in the image or video can signi calgtimprove coding e ciency.

New communication paradigms arising from emerging technologies.

While the DeepJSCC frameworks proposed in this thesis can beaugins for various se-
mantic communication paradigms, the advent of new technalges, such as large language
models and prompt engineering, can introduce new challesgan the future. For in-
stance, token-based communication may become a new transsmn unit, and optimizing

prompts in conjunction with DeepJSCC can be a promising aveaufor future research.
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Chapter 7. Conclusion

More recently, over tted compression approaches, includg our own work [/, 61], have
introduced new paradigms to address source generalizailivhile reducing decoding

complexity, o ering new directions for both source codingrad DeepJSCC schemes.

Theoretical basis of semantic communication.

Although this thesis presents several practical DeepJSCC fmeeworks for semantic com-
munication, there is still no established theoretical fouslation for semantic communica-
tion. A well-developed theory could guide future researchirgctions, provide valuable
bounds, and enhance interpretability for the system. For sBtance, in source delivery
tasks, a theoretical framework could provide a metric to qudify how much semantic

information is preserved.

New communication paradigm involves interactions

This thesis provides a practical feedback coding method iolving interactions between
transmitter and receiver. However, the current modern comnmication system has not yet
developed an interactive mechanism between di erent transivers, which can re ne and
optimize the communication objectives. This topic involve the design of active/passive
feedback coding, a cooperative algorithm between transeetis, and e cient bandwidth

resource allocation for downlink and uplink transmissions

New communication paradigm without explicit channels

Communication is crucial for coordination in multi-agent gstems, but explicit channels
may be unavailable, insecure, or unreliable. Our recent wof18( explores joint task
and implicit communication protocol optimization, enablng communication via agent
actions. This new paradigm is particularly well-suited to JSC technologies due to their
low-bandwidth constraints, and can serve as a plug-in for @pJSCC-based semantic
communication by integrating semantics into task executio and framing it as a joint

source-channel coding problem.

Multi-modality semantic communication
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Future wireless systems are expected to increasingly suppmultimodal tasks and trans-
mission scenarios. Integrating multiple modalities into ltese systems will be essential
for improving both network e ciency and robustness. Semant communication, capable
of seamlessly handling various modalities such as text, aadand video, will be devel-
oped to exploit their inherent correlations to reduce bandigth consumption and enhance

resilience to noise.
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