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Abstract

This thesis presents novel frameworks for multi-user semantic communications that integrate
machine learning with wireless communications to enable efficient, private, and semantically
aware information exchange at the wireless edge. Traditional communication systems, built on
Shannon’s separation principle, face growing limitations when dense networks of edge devices
must share limited spectral resources to exchange high-dimensional data under strict latency
constraints. In such settings, separate source and channel coding is known to be suboptimal in
the finite blocklength regime, and conventional orthogonal access schemes fail to exploit the
correlation structure across users’ signals. We address these limitations by developing semantic
communication systems for scalable multi-user communications and privacy-preserving edge

inference.

We first address perceptual quality in wireless image transmission by integrating denoising
diffusion probabilistic models into the deep joint source-channel coding (DeepJSCC) framework,
achieving enhanced perceptual quality under severe channel conditions while establishing

principled perceptual-distortion trade-offs.

We then extend distributed source coding theory to modern deep learning frameworks, focusing
on low-latency image transmission with decoder-only side information. Owur architectures
integrate side information at multiple stages, delivering superior performance across all channel

conditions, with particular gains at low signal-to-noise ratios.

Next, we develop non-orthogonal approaches to multi-user semantic communications over
multiple access channels using DeepJSCC. Our scheme enables devices to simultaneously
transmit compressed image representations, achieving substantial improvements over orthogonal
transmission. Furthermore, we introduce a method that unifies compression and channel
coding through multi-view autoencoders, enabling non-orthogonal multiple access (NOMA).

Our algorithm scales to 64 users or more, surpassing state-of-the-art NOMA methods.

Finally, we introduce a privacy-preserving collaborative inference framework at the wireless
edge, where clients’ independently trained models participate in ensemble inference. Leveraging

over-the-air computation, we develop schemes that exploit channel superposition for bandwidth-efficient



transmission. Our multi-view classification framework achieves statistically significant improvements

over orthogonal approaches while ensuring robust privacy protection.
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Chapter 1

Introduction

1.1 Motivation and Objectives

The advent of the Internet of Things (IoT), mobile edge computing, and ubiquitous connectivity
has transformed the landscape of wireless communications from simple data transmission to
intelligent, semantic-aware information exchange. Traditional communication systems, designed
around Shannon’s separation principle [I], treat source compression and channel coding as
independent optimization problems. While this approach has served well for decades, it
increasingly falls short in meeting the demands of modern applications that require real-time

processing, energy efficiency, and intelligent decision-making at the network edge.

The proliferation of machine learning applications in wireless environments has created new
paradigms where the ultimate goal is not perfect bit-level reconstruction, but rather the
preservation of semantic information relevant to downstream tasks [2, [3]. This shift from
syntactic to semantic communication opens unprecedented opportunities for joint optimization
of learning and communication processes. However, it also introduces significant challenges: even
in the single-user case, reconstructions under severe channel conditions suffer from perceptual

quality degradation, motivating the use of advanced generative models [4 [5].

As communication systems scale from single-user to multi-user scenarios, new challenges emerge
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at each level of complexity. In distributed settings with correlated sources, exploiting decoder-only
side information can substantially improve transmission efficiency, connecting to classical
distributed source coding theory [6, [7]. When multiple users transmit simultaneously over
shared channels, non-orthogonal multiple access (NOMA) techniques offer significant spectral
efficiency gains over traditional orthogonal approaches, but their integration with semantic
communication requires fundamentally new approaches to interference management [8,9]. At the
largest scale, collaborative intelligence across many distributed devices requires not only efficient
communication but also privacy preservation, as devices must share sensitive information while

protecting individual privacy [10] 1T, 12].

Traditional approaches to privacy preservation often come at the cost of significant communication
overhead or performance degradation, creating a fundamental tension between privacy, efficiency,
and accuracy [13],[I4]. Modern wireless applications increasingly require solutions that address all
these dimensions simultaneously, from perceptual quality in point-to-point links to collaborative

inference with privacy guarantees across many devices.

Objectives: In light of these challenges and opportunities, this thesis aims to develop novel

multi-user semantic communication frameworks that address the following key objectives:

1. Perceptual Quality Optimization: Integrate advanced generative models into wireless
communication systems to achieve superior perceptual quality in transmitted content,

moving beyond traditional distortion-based optimization criteria.

2. Distributed Source Coding with Side Information: Extend classical distributed
source coding principles to deep learning-based JSCC systems, particularly addressing
scenarios where decoder-only side information can be exploited to improve transmission

efficiency.

3. Non-Orthogonal Semantic Communications: Design and analyze NOMA schemes
for semantic communications that outperform traditional orthogonal approaches in terms
of spectral efficiency and reconstruction quality, particularly in resource-constrained

environments.
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4. Adaptive Interference Management: Develop learning-based approaches for strategic
interference management in multi-user semantic communication systems, where interference
can be leveraged as a beneficial feature rather than simply being treated as a detrimental

effect.

5. Privacy-Preserving Collaborative Inference: Develop efficient protocols for collaborative
inference in wireless networks that preserve privacy, leveraging the natural properties of
wireless channels to provide formal privacy guarantees while maintaining high inference

accuracy and communication efficiency.

These objectives collectively aim to establish a comprehensive framework for next-generation
wireless communication systems that are intelligent, efficient, private, and semantically aware.
By addressing these challenges, this thesis contributes to the foundation of future wireless
networks that can support the growing demands of machine learning applications while ensuring

privacy, efficiency, and high-quality user experiences.

1.2 Contributions

This thesis presents novel contributions to multi-user semantic communications, privacy-preserving
distributed inference, and wireless machine learning. The technical chapters are organized along
a progression of increasing multi-user complexity, from a single-user point-to-point link, through
two-user distributed and multiple access settings, to large-scale multi-device collaborative

inference, as detailed below:

Chapter |3| begins with the single-user point-to-point setting and introduces novel approaches to
wireless image transmission that prioritize perceptual quality. We integrate denoising diffusion
models into the DeepJSCC framework, achieving improved perceptual quality under severe
channel conditions while establishing theoretical frameworks for perceptual-distortion trade-offs

and demonstrating robustness to channel impairments.

Chapter [ extends the single-user setting to a two-user distributed scenario, bridging classical
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distributed source coding theory with modern deep learning frameworks. We develop the first
DeepJSCC architecture that effectively exploits decoder-only side information, extending the
Wyner-Ziv problem to the deep learning domain. We propose architectural variants including
multi-scale feature fusion at the decoder, a parameter-efficient shared-encoder design, and an
upper bound with side information at both ends, demonstrating significant gains over both
point-to-point DeepJSCC and separation-based schemes across a range of channel conditions

and fidelity metrics.

Chapters [5] and [6] move to settings where multiple users transmit simultaneously over a
shared channel, presenting non-orthogonal approaches to multi-user semantic communications.
Chapter 5| introduces a NOMA framework for two-user DeepJSCC over a multiple access
channel, demonstrating performance gains over separation-based approaches in practical finite
blocklength regimes. Chapter [6] extends this to many users with learning-based interference
management algorithms that enable encoders to strategically leverage interference patterns,
demonstrated with up to 64 users in our experiments, while establishing foundations for joint

source-channel-multiple access optimization.

Chapter [7] concludes the multi-user progression in this thesis by addressing collaborative
inference across many distributed devices. It introduces a privacy-preserving collaborative
inference framework leveraging over-the-air computation (OAC) for ensemble inference, developing
novel schemes that exploit wireless channel superposition properties for bandwidth-efficient

transmission while providing natural differential privacy guarantees through channel noise.

Throughout this thesis, we provide rigorous theoretical foundations including information-theoretic
analysis establishing fundamental limits and performance bounds, formal privacy analysis with
differential privacy guarantees, convergence and stability analysis of learning algorithms, and

comprehensive computational and communication complexity analysis.

These contributions collectively advance the development of next-generation semantic communication
systems that are efficient, private, and intelligent. Our work challenges fundamental assumptions
in wireless communication design, demonstrating, for example, that interference can be harnessed

as a beneficial feature, and that privacy and efficiency can be compatible objectives when
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leveraging the natural properties of wireless channels. The proposed techniques, validated
through extensive experiments, pave the way for advanced wireless applications in the era
of ubiquitous machine learning, enabling collaborative intelligence while respecting privacy

constraints and resource limitations.

1.3 Associated Publications

Parts of the work presented in this thesis, along with other research conducted during my PhD,
have been published in the following journals, conferences, and preprints, listed in chronological
order. Publications J3, C1, C2, C4, C5, and P1, where I am the sole first author, constitute the

core contributions of this thesis.

Journal Publications:

J1 F. Wilhelmi, J. Hribar, S. F. Yilmaz, E. Ozfatura, K. Ozfatura, O. Yildiz, D. Giindiiz, H.
Chen, X. Ye, L. You, Y. Shao, P. Dini, B. Bellalta, “Federated Spatial Reuse Optimization
in Next-Generation Decentralized IEEE 802.11 WLANs,” 2nd ITU Journal on Future
and Evolving Technologies (ITU J-FET) on AI/ML Solutions in 5G, 2022.

https://itu.int/pub/S-JNL-VOL3.ISSUE2-2022-A11 [15]

J2 N. Pavlidis, V. Perifanis, S. F. Yilmaz, F. Wilhelmi, M. Miozzo, P. S. Efraimidis,
R.-A. Koutsiamanis, P. Mulinka and P. Dini, “Federated Learning in Mobile Networks: A
Comprehensive Case Study on Traffic Forecasting,” IEEE Transactions on Sustainable

Computing, 2024. https://ieeexplore.ieee.org/abstract/document/10759814/ [16]

J3 S. F. Yilmaz, B. Hasircioglu, L. Qiao and D. Giindiiz, “Private Collaborative Edge
Inference via Over-the-Air Computation,” IEEE Transactions on Machine Learning in
Communications and Networking, 2025. https://ieeexplore.ieee.org/document/

10829586/ [17]

Conference Publications:


https://itu.int/pub/S-JNL-VOL3.ISSUE2-2022-A11
https://ieeexplore.ieee.org/abstract/document/10759814/
https://ieeexplore.ieee.org/document/10829586/
https://ieeexplore.ieee.org/document/10829586/

30 Chapter 1. Introduction

C1 S. F. Yilmaz, B. Hasircioglu, D. Giindiiz, “Over-the-Air Ensemble Inference with Model
Privacy,” IEEE International Symposium on Information Theory (ISIT), 2022.

https://ieeexplore.ieee.org/document/9834591 [1§]

C2 S. F. Yilmaz, C. Karamanl, D. Giindiiz, “Distributed Deep Joint Source-Channel Coding
over a Multiple Access Channel,” IEEE International Conference on Communications

(ICC), 2023. https://arxiv.org/abs/2211.09920 [19]

C3 V. Perifanis, N. Pavlidis, S. F. Yilmaz, F. Wilhelmi, E. Guerra, M. Miozzo, P. S.
Efraimidis, P. Dini, R.-A. Koutsiamanis, “Towards Energy-Aware Federated Traffic
Prediction for Cellular Networks,” International Symposium on Federated Learning

Technologies and Applications, 2023. https://arxiv.org/pdf/2309.10645.pdf [20]

C4 S. F. Yilmaz, E. Ozyilkan, D. Giindiiz, E. Erkip, “Distributed Deep Joint Source-Channel
Coding with Decoder-Only Side Information,” IEEE International Conference on
Machine Learning for Communication and Networking (ICMLCN), 2024. https:

//arxiv.org/abs/2310.04311 [2]]

C5 S. F. Yilmaz, X. Niu, B. Bai, W. Han, L. Deng and D. Giindiiz, “High Perceptual
Quality Wireless Image Delivery with Denoising Diffusion Models,” IEEE INFOCOM
Workshops: Deep Learning for Wireless Communications, Sensing, and Security

(DeepWireless), 2024. https://arxiv.org/pdf/2309.15889.pdf [22]

Preprints:

P1 S. F. Yilmaz, C. Karamanli, D. Giindiiz, “Learning to Interfere in Non-Orthogonal
Multiple Access Joint Source-Channel Coding,” 2025. https://arxiv.org/abs/2504 !

03690 (revised) 23]

P2 J. Chen*, S. F. Yilmaz*, D. You*, P. L. Dragotti, D. Giindiiz, “SING: Semantic Image
Communications using Null-Space and INN-Guided Diffusion Models,” 2025. https:

//arxiv.org/abs/2503.12484 (under review) [24]
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P3 A. Kurmukova, S. F. Yilmaz, E. Ozfatura, D. Giindiiz, “TransCoder: Code-Adaptive

Neural Channel Modulation,” 2025. https://arxiv.org/abs/2511.22539 (under review) [25]

* indicates equal contribution.

1.4 Thesis Organization

This thesis is organized as follows. This chapter concludes with the common notation (Section[L.F)).

The technical chapters progress from single-user to increasingly complex multi-user settings:

e Chapter [2} Background and Related Work. Provides comprehensive theoretical
foundations covering semantic communication, DeepJSCC, distributed inference, NOMA
theory, Wyner-Ziv coding, deep learning paradigms, and privacy mechanisms in distributed

systems.

e Chapter 3} High Perceptual Quality Wireless Image Delivery with Denoising
Diffusion Models. Addresses the single-user point-to-point setting, integrating diffusion
models into DeepJSCC for superior perceptual quality transmission under severe channel

conditions. Based on [C5].

e Chapter [4; Distributed Deep Joint Source-Channel Coding with Decoder-Only
Side Information. Extends to a two-user distributed scenario where one source transmits

and a correlated second source serves as decoder-only side information, applying Wyner-Ziv

theory to DeepJSCC frameworks. Based on [C4].

e Chapter [5f Distributed Deep Joint Source-Channel Coding over a Multiple
Access Channel. Considers two users transmitting simultaneously, presenting a NOMA
framework for multi-user image transmission that demonstrates significant gains over

separation-based approaches in finite blocklength regimes. Based on [C2].

e Chapter [6; Learning to Interfere in Non-Orthogonal Multiple-Access Joint

Source-Channel Coding. Scales to many users (demonstrated with up to 64 in our


https://arxiv.org/abs/2511.22539
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experiments), extending NOMA-DeepJSCC with learning-based interference management

where encoders strategically create beneficial interference patterns. Based on [P1].

e Chapter[7} Private Collaborative Edge Inference via Over-the-Air Computation.
Addresses large-scale collaborative inference across many distributed devices, introducing
privacy-preserving ensemble and multi-view classification with differential privacy guarantees

via over-the-air computation. Based on [J3].

e Chapter [8: Conclusion. Summarizes key contributions and outlines future research
directions in multi-user semantic communications, privacy-preserving distributed inference,

and perceptual quality optimization.

1.5 Notation

Unless stated otherwise, we adopt the following notational conventions throughout this thesis:
boldface lowercase letters denote vectors and tensors (e.g., p), boldface uppercase letters denote
matrices (e.g., P), non-boldface letters denote scalars (e.g., p or P), and uppercase calligraphic
letters denote sets (e.g., P). Blackboard bold letters denote function domains and number
sets (e.g., P). R, N, C, and Z denote the sets of real, natural, complex, and integer numbers,
respectively. |P| denotes the cardinality of set P. We define [n] = {1,2,...,n} for n € N*, and
[i,5] = {i,i+1,...,5} fori,j € Z and i < j. We define T £ [255] for pixel intensity values. For
a u-dimensional complex vector p € C*, p denotes its Hermitian transpose, and I, denotes

the v x u identity matrix for u € N*.



Chapter 2

Background and Related Work

This chapter reviews key literature that underpins the multi-user semantic communication
frameworks developed in this thesis. Building on the motivation and objectives in Chapter [I]
we explore the convergence of deep learning and wireless communications that enables our novel

approaches.

We begin with an overview of semantic communication and joint source-channel coding (JSCC)
principles, including the common deep joint source-channel coding (DeepJSCC) neural network
architecture employed throughout this thesis (Section . This is followed by generative
models for perceptual quality-oriented communication (Section , distributed source coding
for correlated image transmission (Section [2.3), NOMA schemes for multi-user frameworks
(Section , distributed inference systems and privacy considerations for edge computing
(Section , and deep learning techniques used across our multi-user systems (Section . We

conclude with the image quality evaluation metrics used throughout this thesis (Section [2.7]).

2.1 Semantic Communication and DeepJSCC

Traditional communication systems follow Shannon’s separation theorem [, which establishes

that source coding and channel coding can be optimized separately without loss of optimality in
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the asymptotic regime with infinite blocklengths. However, in practical scenarios characterized
by finite blocklengths, stringent latency constraints, and dynamic channel conditions, joint
optimization of source and channel coding can provide significant performance gains. This
limitation of the separation theorem in finite blocklength regimes has been a well-known
challenge in information theory for several decades [20], yet no practically feasible scheme
achieving performance even close to the theoretical separation bound has been developed until
recent advances in deep learning. This longstanding gap has motivated the development of

JSCC approaches.

Semantic communication represents a paradigm shift from bit-perfect transmission to task-oriented
communication. Rather than focusing on exact symbol reconstruction, semantic communication
systems are designed to meet new requirements where the reconstruction alphabet differs from
the source alphabet. This approach is particularly valuable for applications where the end goal
is task completion (e.g., classification, object detection) rather than perfect reconstruction, and
these requirements can be considered as special distortion measures that prioritize task-relevant

information over pixel-level fidelity.

DeepJSCC [2] represents a significant advancement in this direction, employing deep neural
networks to jointly optimize source compression and channel coding in an end-to-end manner.
This data-driven approach has demonstrated superior performance compared to traditional
Separation methods, particularly for image transmission tasks [27], [19]. The key insight behind
DeepJSCC is that neural networks can learn task-specific representations that are inherently
robust to channel impairments, achieving graceful degradation with varying channel quality

while preserving semantically important features.

The advantages of DeepJSCC become particularly pronounced under challenging conditions:
(1) low signal-to-noise ratio (SNR) environments where traditional systems experience cliff
effects, (2) bandwidth-constrained scenarios where efficient compression is crucial, and (3)
time-varying channels where adaptive representations provide robustness. DeepJSCC has been
successfully extended to various scenarios including different channel models [27], multi-modal

sources [28, 29|, inference-oriented transmission [30], and multi-user scenarios |19, BI]. The
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Figure 2.1: Separation and DeepJSCC-based data transmission schemes

continuous-amplitude nature of DeepJSCC transmissions enables superior adaptation to varying
channel conditions compared to discrete digital schemes, making it particularly suitable for

dynamic wireless environments where channel conditions fluctuate rapidly.

On the other hand, JSCC is not limited to continuous-amplitude channel inputs. Even when
transmission is constrained to discrete constellations or the use of conventional beamforming
and channel coding techniques, compression and channel coding/modulation can be optimized
in an end-to-end fashion with the introduction of modules that are parameterized as neural

networks as shown in [32] and [33].

Figure[2.T]illustrates the structural difference between a conventional separation-based architecture
and the DeepJSCC approach. While the separation approach utilizes distinct, independently
optimized modules for source coding and channel coding, the DeepJSCC architecture replaces
these sequential blocks with a single joint encoder neural network at the transmitter and a joint
decoder neural network at the receiver, optimizing the entire pipeline end-to-end for the specific

channel conditions.

2.1.1 Point-to-Point System Model

We consider wireless image transmission over a noisy channel. The transmitter maps an input
image x € [€»*W>H where W and H denote the width and height, and Cj, represents the

number of color channels (e.g., Cj, = 3 for RGB images), into a complex-valued latent vector
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CinxWxH - Ck

using a nonlinear encoding function Fg : I , parameterized by ©:

ZZE@(X,O’), (21)

where k denotes the available channel bandwidth (number of complex channel uses) and o is
the channel noise standard deviation. In fading channels, the encoder additionally takes the

channel gain h as input. The transmitted signal z is subject to the average power constraint:
Lo
= 112l3 < P (22)

where £ is the number of channel uses and P, is the average power budget.

For additive white Gaussian noise (AWGN) channels, the received signal is:
y=2z+n, (2.3)

where n ~ CN(0,0°1;) is independent and identically distributed (i.i.d.) complex Gaussian

noise. We assume the noise variance o2 is known at both the transmitter and the receiver.

A nonlinear decoding function Dg : C¥ — I *WxH parameterized by ®, reconstructs the

image from the channel output:

% = Dal(y, o). (2.4)

The bandwidth ratio p characterizes the available channel resources:

4

P=C.WH

channel symbols/pixel. (2.5)
The channel SNR is defined as:

Pay
SNR £ 10log;, (—g) dB. (2.6)
g

2

Given p and SNR, the goal is to minimize the average distortion between the original image x
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and the reconstruction x:

arg min E [d(x,X)] , (2.7)
0%

where d(-,-) is a differentiable distortion measure and the expectation is over the source

distribution and channel noise.

2.1.2 DeepJSCC Neural Network Architecture

In Chapters [3] to [6 we build upon a common convolutional neural network (CNN)-based
autoencoder architecture for DeepJSCC. We describe this shared architecture here and detail

chapter-specific modifications in the respective chapters.

We employ the encoder and decoder architectures from [32], removing the quantization stage
as DeepJSCC operates with continuous-amplitude channel inputs. The resulting architecture
features nearly symmetric networks with progressive spatial downsampling at the encoder
and corresponding upsampling at the decoder. CNNs enable parameter-efficient extraction
of high-level features by exploiting spatial structures within images, and have been shown to
perform well for various vision-related tasks, including DeepJSCC for image transmission [2].

The architecture is composed of the following building blocks:

Residual blocks. The backbone is constructed from residual blocks [34], each consisting of
two convolutional layers with a skip connection that facilitates gradient flow during training.
Downsampling residual blocks use a stride of s=2 to halve the spatial dimensions, while
upsampling blocks employ sub-pixel convolution (pixel shuffle) to double them. The internal
channel count is set to N=256 by default, except for the final encoder layer, whose output
channel count C,,; controls the bandwidth ratio, and the final decoder layer, which outputs Ci,

channels for image reconstruction.

Attention mechanism. The architecture incorporates the computationally efficient non-local
attention module from [35], placed at strategic points in both the encoder and decoder. This
module captures long-range spatial dependencies, allowing the network to allocate representational

capacity to semantically important regions of the input.
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Attention feature (AF) module. To enable a single trained model to operate across a range of
channel conditions, the architecture leverages SNR adaptivity through the AF module proposed
in [36]. The AF module takes the channel SNR as an additional input and produces channel-wise
scaling factors via a small multi-layer perceptron, allowing the network to learn SNR-dependent
feature modulations. By training with randomly sampled SNR values and channel gains for
fading channels, the model adapts to different operating points without retraining. AF modules

are inserted throughout both the encoder and decoder.

Power normalization. A power normalization layer at the encoder output enforces the

average transmit power constraint in Eq. (2.2)). The raw encoder output z is normalized as

z = \/kPayg/ ||Z]|5 Z, ensuring the constraint is satisfied with equality.

The number of output channels Cy,, combined with the spatial downsampling factor, determines
the bandwidth ratio p (defined in Section [2.1.1)). Lower bandwidth ratios correspond to more

aggressive compression, while higher ratios allow the encoder to preserve finer details.

Individual chapters adapt this backbone by varying the number of downsampling stages
to produce lower-resolution reconstructions suitable for generative restoration (Chapter |3)),
augmenting the encoder input dimensions to incorporate device-specific embeddings (Chapter [5)),
or introducing dedicated modules such as multi-scale side information fusion (Chapter {4f) and

learnable user-specific projection layers (Chapter @

2.2 Generative Models for Semantic Communication

While the DeepJSCC framework described above optimizes for distortion metrics such as mean
squared error (MSE), many applications demand high perceptual quality at the receiver. Recent
advances in generative models have opened new possibilities for perceptual quality-oriented
communication systems. These models can generate semantically consistent reconstructions
even under severe channel impairments, prioritizing perceptual quality over traditional distortion
metrics. Rather than pursuing exact reconstruction, this line of work aims to preserve semantic

meaning at the receiver [4], 37].
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Several key generative frameworks have been developed and applied to communication systems.
Variational Autoencoders (VAEs), introduced in 2013, provide a probabilistic generative
framework that can be adapted for communication systems [38]. VAEs learn compressed latent
representations that can be efficiently transmitted, with the decoder generating reconstructions
from the received latent codes. Their probabilistic nature makes them particularly suitable for

handling channel uncertainty and noise [39].

Generative Adversarial Networks (GANs), proposed in 2014, have found applications in
communication systems, particularly for image transmission where perceptual quality is crucial [40]
41]. GAN-based approaches can learn to generate realistic reconstructions that maintain semantic

content even when traditional metrics like PSNR indicate poor reconstruction quality.

Diffusion models operate by gradually adding noise to data during the forward process and
learning to reverse this process to generate new samples [42]. In communication systems, diffusion
models can be integrated into the decoding process to generate high-quality reconstructions
from corrupted received signals. The key advantage is their ability to capture complex data

distributions and generate diverse, semantically consistent outputs [5].

2.2.1 Inverse Problem Formulation

The connection between communication systems and inverse problems has spurred the application
of these powerful generative models to joint source-channel coding (JSCC). Pre-trained generative
models have been utilized to solve classical inverse problems in compressed sensing [43], while
similar approaches have delivered remarkable results in single-image super-resolution [44],
demonstrating their capability in tackling practical inverse challenges. This parallel has
inspired innovative JSCC methods, including privacy-preserving techniques [45], adversarial

approaches [46], and generative frameworks [47].

A notable contribution is InverseJSCC [47], which frames the restoration of high-fidelity source
images from degraded channel outputs as an inverse problem. By employing a pre-trained

StyleGAN-2 generator alongside intermediate latent optimization (ILO) [48], this method attains
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impressive perceptual quality for image recovery in harsh channel environments. Building on
this foundation, the work in [49] extends the concept to adaptive generative scenarios, where
the receiver continuously refines its model using previously received images, enabling ongoing

adaptation to evolving image distributions.

2.2.2 Diffusion Models for Communication

Diffusion models have revolutionized visual generation and are increasingly applied to inverse
problems, especially image restoration. Zero-shot techniques are particularly promising, as they
enable the direct use of unconditionally trained diffusion models for restoration tasks without
task-specific fine-tuning. For instance, the method in [50] steers diffusion model outputs toward
restored images by substituting low-frequency components in the denoised result with those
from the degraded reference. Furthermore, the approach in [51] advances diffusion model solvers

via approximate posterior sampling, addressing broad noisy image restoration challenges.

The robust generative power of diffusion models has led to their integration in semantic
communications. In [37], a hybrid JSCC approach merges conventional transmission with
diffusion-based noise addition to input images, followed by DeepJSCC transmission, yielding
superior decoder reconstruction. The denoising capabilities of diffusion models are harnessed
in [52] to counteract channel noise at the receiver in wireless systems. Under stringent bandwidth
limitations, the work in [53] models channel transmission as the diffusion forward process,
employing VAE-based compression to minimize bandwidth while capitalizing on VAEs’ advanced
encoding efficiency. Conditional diffusion guided by semantic cues, such as textual descriptions
or edge maps, is explored in [54], with a semantics-driven channel denoising strategy that
dynamically adjusts to varying channel states. Beyond image transmission, diffusion models
have been applied to extreme video compression, where pre-trained conditional diffusion models
at the decoder generate subsequent frames from compressed references, achieving superior

perceptual quality at very low bit rates compared to traditional codecs [55].

CommlIN [56] presents a JSCC framework that conceptualizes image reconstruction as an inverse

problem, combining invertible neural networks (INNs) and diffusion models to boost perceptual
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fidelity, surpassing DeepJSCC in extreme scenarios. The INN-based degradation modeling in
CommlIN separates coarse and fine image components, empowering diffusion models to enhance

reconstructions effectively.

In semantic communication systems, generative models enable the use of perceptual quality
metrics such as learned perceptual image patch similarity (LPIPS) [57|, Fréchet Inception
Distance (FID) [58], and Kernel Inception Distance (KID) [59], which better align with human

perception than traditional pixel-wise metrics.

Recent work has shown that generative approaches achieve superior performance in challenging
scenarios, including very low SNR and bandwidth-constrained settings [60} 37]. These methods
mark a shift from reconstruction-oriented to generation-oriented communication, where the
receiver generates content that preserves semantic meaning rather than attempting pixel-perfect

recovery [61].

Implementation considerations for generative models in communication systems include training
stability, computational complexity, and mode collapse in GANs. Recent advances in conditional
generation and latent diffusion models [62] have addressed many of these challenges, enabling

more efficient and stable training for communication applications [63].

2.3 Distributed Source Coding

When multiple users transmit correlated sources, compression can benefit from exploiting
inter-source correlation even when encoders cannot communicate with each other. Distributed
source coding addresses precisely this scenario, where multiple correlated sources are encoded
separately but decoded jointly. The theoretical foundations were established through seminal
results by Slepian and Wolf [6], who proved that an encoder that does not observe a correlated
side information can asymptotically achieve the same compression rate as the one that does (in
both cases, the decoder has access to the side information), if the joint distribution statistics
are known and compression is lossless. The Wyner-Ziv theorem [7] extended this result to lossy

compression, characterizing the rate-distortion function with side information available at both
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the encoder and decoder, or only at the decoder. Surprisingly, they showed that there is no rate
loss in the latter scenario compared to the former, if the sources are Gaussian and mean-squared
error is set as the distortion criterion. Practical research effort for the Wyner-Ziv setup has been
spearheaded by distributed source coding using syndromes (DISCUS) [64], which formulated

the compression problem as a dual source-channel coding problem.

Recent neural approaches to distributed source coding [65] [66], [67] have demonstrated that neural
networks can learn optimal binning structures reminiscent of classical information-theoretic
constructions. These methods exploit correlation between sources to achieve compression gains
beyond point-to-point schemes. These works, inspired by the Slepian-Wolf and Wyner-Ziv
results, are concerned with exploiting the side information in order to further compress the
primary input source, compared to the point-to-point (having no side information) compression
scenario. In particular, recent work has demonstrated that neural Wyner-Ziv compressors can

learn “random binning” structures, akin to the achievability part of the Wyner-Ziv theorem.

2.4 Non-Orthogonal Multiple Access (NOMA)

Beyond exploiting source correlation, multi-user systems must also address the challenge of

sharing the wireless channel among multiple transmitters.

2.4.1 Orthogonal vs. Non-Orthogonal Access

In conventional wireless systems, orthogonal multiple access (OMA) schemes, such as time
division multiple access (TDMA), frequency division multiple access (FDMA), and orthogonal
frequency division multiple access (OFDMA), divide the available radio resources (time,
frequency, or code) among users so that each transmission occupies an orthogonal, non-overlapping
portion of the resource space. By design, OMA eliminates inter-user interference entirely: each
user transmits over a dedicated resource block. While this simplifies receiver design, it limits

each user to a fraction of the total resources.
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NOMA, by contrast, allows multiple users to share the same time-frequency resources simultaneously,
deliberately introducing controlled inter-user interference that is resolved at the receiver through
advanced signal processing. To formalize, consider a K-user uplink multiple access channel
(MAC) where user k transmits signal z; with average transmit power P*. The received signal

at the base station is

K
y:thszrn,
k=1

where hy, € R denotes the real-valued channel coefficient for user & and n ~ N (0, NpI) is additive
white Gaussian noise. Throughout this section, P, = hi P denotes the received power of user k,
absorbing the channel gain. In OMA, only one user transmits at any given time-frequency

slot, so the receiver sees y = hiz; + n without any inter-user interference. In NOMA, all users

transmit concurrently, and the receiver must disentangle the superposed signals.

2.4.2 Capacity Region of the Multiple Access Channel

The capacity region of the K-user real-valued Gaussian MAC was established independently

by Ahlswede [68] and Liao [69] (see also [70, [71]). It is the set of non-negative rate tuples

(Ry,...,Rk), in bits per channel use, achievable with vanishingly small error probability,
satisfying
P,
Zngélo&(H%), VSC{l,...,K}, S+#0. (2.8)
keS 0

This yields 2% — 1 constraints (one per non-empty subset) and defines a polymatroidal region.
Each vertex of the dominant face corresponds to a successive interference cancellation (SIC)
decoding order (a permutation of the K users), where user m(k) is decoded at step k while

treating the signals of users {m(k + 1),...,7(K)} as noise. There are K! such vertices, and the

K
P,
C‘Z:%log2 (1%—@).

sum capacity is

No
Since Cfy; depends on the total received power, each additional user strictly increases the sum
capacity; however, the growth is logarithmic. When all users have equal received power P, the

sum capacity Cy, = 3 log, (1 + K P/N,) scales as O(log, (K)), exhibiting diminishing per-user
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marginal gains.

For K =2, the three constraints (22 — 1 = 3) specialize to

Ry < $log, (1+ Pi/No) = (4,
R2 S %10g2 (1 + PQ/N[)) é 02,

R1+R2 S %IOgQ (1+ (P1+P2)/N0) é CE-

As illustrated in Fig. , this region forms a pentagon in the (R, Rs) plane. The dominant
face, i.e., the segment between corner points A and B, is governed by the sum-rate constraint
Ry + Ry = Cs. Corner point A = (1log, (1+ P1/(P+ No)), Cs) is achieved by SIC that
decodes user 1 first while treating user 2’s signal as noise, then subtracts user 1’s contribution and
decodes user 2 interference-free. Corner point B = (Cy, 1log, (14 P»/(Py + No))) corresponds
to the reverse decoding order: user 2 is decoded first (treating user 1 as noise), then user 1 is
decoded free of interference. Any point on the segment AB can be reached via time-sharing

between the two SIC orders or via joint decoding [70, [71].

Under TDMA with a peak-power constraint, user k is allocated a fraction a4 of the total
time (with ay + ap < 1), achieving rate Ry = oy Cy. The resulting TDMA rate region is the
triangle with vertices (0,0), (C1,0), and (0,C5), which is strictly contained within the MAC
capacity pentagon (Fig. . The green-shaded area in the figure represents rate pairs achievable
only through non-orthogonal transmission. In particular, the maximum TDMA sum rate is
max(C1, Cy), while NOMA achieves Cy; the gap Cx — max(Cy,Cy) > 0 is strictly positive

whenever both users are active.

2.4.3 'Trade-offs Between Orthogonal and Non-Orthogonal Access

NOMA is advantageous in several settings:

e Spectral efficiency: NOMA achieves the full MAC capacity region, whereas OMA is

limited to a strict subset. Since log,(14) is strictly concave, Csy; < C; + Cy holds, meaning
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Figure 2.2: Capacity region of a two-user real-valued Gaussian MAC. The pentagon (blue
boundary) is the full capacity region, achievable through NOMA with joint decoding or SIC.
Corner point A corresponds to SIC that decodes user 1 first (user 2 interference-free); corner
point B to the reverse order. The dashed red line shows the TDMA boundary. The green
shaded area highlights rate pairs achievable only through non-orthogonal transmission. The

intercepts C's; on both axes mark the maximum achievable sum rate, which strictly exceeds the
TDMA sum rate max(Cy, Cy).

the sum-rate constraint is tighter than the individual bounds combined.

e Overloaded systems: When the number of users exceeds the available orthogonal
resource blocks, OMA cannot serve all users simultaneously; NOMA naturally accommodates

any number of users through power-domain multiplexing.

e Heterogeneous channel conditions: When users have disparate received powers (large
P,/ P, ratio), SIC can effectively separate the strong user’s signal before decoding the

weak user, yielding substantial rate gains over equal resource partitioning.
Conversely, OMA remains attractive when:

e Low complexity is a priority: OMA avoids the need for SIC or joint decoding,

simplifying the receiver architecture.

e Channel estimation is imperfect: SIC performance degrades with channel estimation
errors, since residual interference from imperfect cancellation accumulates across decoding

stages. OMA sidesteps this issue entirely.
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Table 2.1: Comparison of Deep Learning-Based Transmission Methods for NOMA

Paper [1\);:}1(0;1&5%232 Dataset(s) Channel(s) Coding  Modality Uplink/Downlink
Ours (Chapter w 23] 64 Clgﬁ;’iglgs{r;zi?;et’ AWGN, Rayleigh JSCC Image Uplink
Ours (Chapter [5) [19] 2 CIFAR AWGN JSCC Image Uplink
DBC Aware JSCC [12] 2 CIFAR AWGN JSCC Image Downlink
NOMASC [11] 3 RVINIE:ST’CH?AR’ AWGN, Rayleigh JSCC Image, Text Downlink
uroparl

DeepSCM [72] 2 CIFAR AWGN JSCC Image Downlink
IS-SNOMA [73] 2 Cityscapes Rician JSCC Image Downlink
VAE-MAC [39] 2 Gaussian AWGN JSCC Bits Downlink
MDC-NOMA [74] 2 Baboon,Lena AWGN, Rayleigh Separation Image Downlink
MDC-NOMA-STBC [75] 2 Baboon,Lena AWGN, Rayleigh Separation Image Downlink
DeepSIC [76] 2 Gaussian AWGN, Poisson  Separation Bits Uplink
CNN-SIC [77] 2 Gaussian AWGN, Rayleigh Separation Bits Downlink
SICNet [78] 2 Gaussian AWGN Separation Bits Downlink

e Strict per-user fairness is required: Orthogonal resource allocation provides deterministic,

per-user rate guarantees, whereas NOMA rate regions depend on the decoding order and

power allocation.

2.4.4 Deep Learning-Based NOMA Transmission

As discussed in Section [2.4.2] multiple strategies can achieve the MAC capacity region, including
joint decoding and SIC combined with rate-splitting [79, 80, 81], 82, 83],[84]. Recently, deep neural
networks (DNNs) have been employed to implement SIC for digital NOMA systems [76], [77, [7§],
showing promising results. However, the integration of NOMA with DeepJSCC presents a
unique challenge: since input signals are directly mapped to continuous-amplitude channel
inputs without constellation constraints, the decoder functions as an estimator and always
has some noise in its reconstruction. Unlike in digital communication, the decoder cannot
perfectly recover the transmitted codeword, making perfect interference cancellation impossible.
For this reason, joint decoding approaches become more attractive for continuous-amplitude

transmissions, as they can handle the inherent estimation uncertainty.

Most existing deep learning-based NOMA schemes are limited to two-user scenarios as shown
in Table creating a significant gap between theoretical potential and practical applicability.
The challenge lies in managing increasing interference levels as the number of users grows, while

maintaining computational tractability during training. Recent work has begun addressing



2.5. Distributed Inference and Privacy 47

these scalability limitations through progressive training approaches and orthogonal user-specific

projections.

2.5 Distributed Inference and Privacy

The preceding sections focused on point-to-point or small-scale multi-user transmission; we
now turn to systems where many edge devices collaborate for a common inference task.
The proliferation of Internet of Things (IoT) devices and edge computing applications has
fundamentally transformed how inference tasks are performed in modern distributed systems.
Traditional cloud-centric approaches face limitations in dynamic environments due to latency
constraints, privacy requirements, bandwidth limitations, and energy considerations [85]. Edge
inference addresses these challenges by distributing computations across multiple local devices,

enabling real-time decision-making while preserving data privacy.

The fundamental challenge in distributed inference lies in efficiently aggregating information
from distributed sources while handling the inherent heterogeneity in device capabilities, data
distributions, channel conditions, and participation patterns. Static environments, such as
surveillance camera networks or sensor deployments, benefit from edge inference due to latency
and privacy constraints [86], [87]. Dynamic environments present even greater challenges, as
devices like autonomous vehicles, drones, and mobile phones must adapt to changing conditions

while maintaining inference accuracy [88] [85].

2.5.1 Over-the-Air Computation (OAC)

OAC leverages the superposition property of wireless channels to perform computation directly
over the air [89]. In conventional communication systems, the superposition of signals is viewed
as interference to be mitigated. OAC, however, exploits this natural property to perform
distributed computation efficiently. In OAC schemes, multiple devices transmit their local

computations simultaneously, and the receiver obtains the aggregated result corrupted by
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channel noise. This approach provides significant bandwidth efficiency compared to orthogonal
transmission schemes and has natural privacy-preserving properties due to the aggregation

process.

The mathematical foundation of OAC relies on the linearity of certain computations and
the additive nature of wireless channels. For a MAC, when K devices transmit signals xy
simultaneously, the received signal is y = Zszl hipxy + n, where hy represents the channel
coefficient for device k£ and n is the additive noise. When the desired computation is a linear
combination of the transmitted values, OAC can directly compute the result without requiring

individual signal recovery.

OAC has found significant applications in federated learning (FL) [90] 011, 92| 03, 94], where
it provides both communication efficiency and differential privacy (DP) amplification through
the natural aggregation and channel noise. The privacy amplification effect arises because
individual contributions are masked by both the aggregation process and the wireless channel
noise, making it difficult for adversaries to infer individual model updates. This natural privacy
protection is particularly valuable in scenarios where explicit privacy-preserving mechanisms

would be computationally expensive or reduce utility.

For edge inference applications, OAC enables efficient ensemble learning where multiple local
models can contribute to a global decision [I§]. The key advantage is that devices can participate
without revealing their individual model parameters or local data, addressing privacy concerns
while achieving superior inference accuracy through model diversity. However, OAC faces
challenges including channel estimation errors, synchronization requirements, and the need for

careful power control to ensure fair aggregation.

2.5.2 Federated Learning and Distributed Inference

While FL [95] focuses on collaboratively training a single global model across distributed devices,
distributed inference aims to combine predictions from independently trained local models at

inference time. FL requires multiple rounds of communication and coordination, making it
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suitable for scenarios where long-term model improvement is prioritized. Distributed inference,
in contrast, provides immediate results with minimal coordination, making it more suitable for

latency-critical applications [85].

The integration of FL with wireless communication techniques, particularly OAC, has emerged
as a promising research direction [90], 91, 06]. OAC can provide natural privacy amplification
in FLL through the aggregation of model updates directly in the wireless channel, combined
with channel noise effects [89, 07|. FL has found applications across diverse domains including

finance [98], medicine [99, [100], and wireless communications [15, 10T].

2.5.3 Privacy in Distributed Wireless Systems

Privacy preservation in distributed systems has become increasingly critical with the widespread
adoption of edge computing and the growing awareness of data protection requirements [85]. The
challenge lies in enabling collaborative computation while protecting individual users’ sensitive
information from both external adversaries and honest-but-curious system participants [86), [87].
DP [102] provides formal privacy guarantees through controlled noise addition, establishing a

mathematical framework for quantifying the privacy-utility trade-off.

The concept of differential privacy is particularly relevant in wireless distributed systems,
where multiple mechanisms can contribute to privacy protection [89]. Classical differential
privacy requires explicit noise addition to query responses, but wireless systems offer natural
sources of privacy protection that can be leveraged and amplified [93], 04]. Understanding these
inherent privacy-preserving properties enables the design of systems that achieve strong privacy

guarantees without significant utility degradation [18].

In wireless distributed inference, privacy amplification can occur naturally through several
mechanisms: (1) aggregation of multiple users’ contributions, which masks individual inputs
through the summation process [89], (2) channel noise, which adds natural randomness to
transmitted signals [97], and (3) quantization effects in digital systems, which introduce additional

noise to the communication process [90]. The combination of these effects can provide substantial
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privacy amplification, meaning that the effective privacy protection is stronger than what would

be achieved by each mechanism individually [18].

The intersection of communication efficiency, inference accuracy, and privacy protection creates
complex trade-offs that require careful system design [88],[85]. Over-the-air computation naturally
provides privacy protection through aggregation, as individual contributions are inherently
mixed in the wireless channel [89]. JSCC can potentially provide additional privacy benefits
by learning representations optimized for transmission rather than interpretability, making it
difficult for adversaries to extract sensitive information from intercepted signals. Recent advances
in privacy-aware communication systems leverage DeepJSCC and generative models to selectively
protect sensitive information while preserving the utility of non-sensitive features [45, [60]. In
these approaches, sensitive features are deliberately hidden under noise or transformed into
representations that are difficult to reconstruct, while public or non-sensitive features are
transmitted with minimal protection to maintain communication efficiency. This selective
mechanism enables fine-grained control over the privacy-utility trade-off, achieving strong
privacy guarantees for critical information while maintaining high performance for task-relevant

data.

2.6 Deep Learning Techniques for Multi-User Systems

Several deep learning techniques are used across the multi-user semantic communication systems

developed in this thesis. This section reviews these cross-cutting methods.

2.6.1 Ensemble and Multi-View Classification

Ensemble learning methods combine multiple hypotheses instead of constructing a single best
hypothesis to model the data [I03]. In ensemble learning, each hypothesis votes for the final
decision, where votes can have weights depending on their confidence. It is generally intractable

to find the optimal hypothesis, and choosing a model among a set of equally good models has
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the risk of choosing the model that has worse generalization performance; however, averaging
these models would reduce this risk [103], [104]. Furthermore, weighted or voting-based ensemble
methods have theoretical guarantees; for example, it can be shown that the expected error of an
averaging ensemble of models is not greater than the average of the expected errors of individual

models under the MSE loss [104].

The effectiveness of ensemble methods depends critically on model diversity [105]. Two important
ensemble paradigms relevant to distributed settings are bagging [106] and dagging [107]|. Bagging
trains models on bootstrap samples drawn with replacement from the original dataset, while
dagging trains individual models on disjoint datasets. The dagging approach is particularly
relevant for distributed edge scenarios where devices naturally possess non-overlapping local

datasets, improving both diversity and privacy of local models.

In wireless communication systems, ensemble methods find particular application in distributed
inference scenarios where multiple edge devices collaborate to make decisions [I8], [85]. The
ensemble approach provides robustness against individual device failures and channel impairments,
as the collective decision-making process can compensate for poor performance from any single
device. Mathematically, if we denote the prediction from the k-th device as py(x), the ensemble

prediction can be formulated as:

K

y = arg max > wipr(ylx)
k=1

where w;, represents the confidence weight for device k, and K is the number of participating

devices.

Multi-view classification deals with multiple feature perspectives, while ensemble classification
performs classification on the same whole instance. Both approaches aim to improve classification
performance through information fusion. Multi-view classification utilizes correlations among
different views [108], employing data-level, feature-level, or decision-level fusion techniques [109,
110]. Decision-level fusion is particularly attractive for distributed settings as it requires no

data or feature sharing between models, improving both latency and privacy.



52 Chapter 2. Background and Related Work

Common decision-level fusion methods include averaging, weighted averaging, and voting [103)].
Empirical studies show that simple averaging often performs comparably to weighted averaging [111],
112], particularly when individual models have similar performance levels. Weighted averaging
becomes advantageous when models exhibit significantly different performance characteristics [113],

though determining reliable weights can be challenging with noisy or insufficient data.

2.6.2 Multi-Task Learning

Multi-task learning (MTL) [114 [115] enables networks to learn multiple related tasks simultaneously,
often improving performance on individual tasks through shared representations. In multi-user
communication systems, MTL principles can be applied to jointly learn encoding and decoding

functions for multiple users, potentially reducing complexity while maintaining performance.

MTL architectures typically employ parameter sharing strategies, including hard sharing where
layers are completely shared between tasks, and soft sharing where task-specific parameters
are learned with regularization to encourage similarity [I16]. In communication systems, hard
parameter sharing is particularly effective for learning joint representations that can be efficiently

transmitted over bandwidth-constrained channels [19)].

For multi-user JSCC systems, MTL can be applied to learn a unified encoder that maps different
users’ data to a shared latent space, while maintaining task-specific decoders for individual
reconstruction [19]. This approach reduces the total number of parameters compared to separate

single-user systems, enabling more efficient deployment on resource-constrained edge devices.

The effectiveness of MTL in communication systems stems from the shared statistical properties
across different users and tasks. For example, in image transmission scenarios, different users
may transmit images from similar domains (e.g., surveillance footage, medical images), allowing
the system to learn shared features that are robust to channel impairments. The multi-task

objective can be formulated as:

T
EMTL = Z Oét[,t + )\Q(H),

t=1
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where L, is the loss for task ¢, a; are task weights, () is a regularization term encouraging

parameter sharing, and A controls the regularization strength.

Advanced MTL techniques include gradient-based task weighting [117] and uncertainty-based
weighting [118], which dynamically adjust task importance during training. In communication
contexts, these methods adapt to varying channel conditions and user requirements, making

MTL particularly suited for dynamic wireless environments [119].

2.6.3 Deep Metric Learning

Deep metric learning (DML) techniques learn representations that preserve important relationships
between data points, which is valuable for systems that need to handle multiple users or sources.
DML approaches typically use contrastive or triplet loss functions to learn embeddings where
similar samples are close in the latent space while dissimilar samples are pushed apart [120]. In
communication systems, DML can be applied to learn robust representations that are resilient

to channel distortions. For instance, triplet loss can be formulated as:

Liripier = max(0, d(zq, 2,) — d(2q,2,) + m)

where z,, z,, and z, are the anchor, positive, and negative embeddings, respectively, and m
is a margin parameter that controls the separation between positive and negative pairs. The
margin ensures that the distance between anchor-positive pairs is at least m units smaller than
the distance between anchor-negative pairs, preventing trivial solutions where all embeddings

collapse to the same point.

Advanced DML methods include N-pair loss [121] and lifted structured loss [122], which provide
more efficient sampling strategies for large-scale datasets. In multi-user communication scenarios,
these methods can learn user-specific embeddings that preserve semantic relationships while

being robust to channel variations [10].
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2.6.4 Curriculum Learning

Curriculum learning (CL) [123] trains complex systems by starting with simpler tasks and
gradually increasing difficulty, which has proven effective for scaling neural communication
systems to larger numbers of users. In communication systems, curriculum strategies can be
applied to progressively increase the number of users, channel complexity, or data diversity
during training. For example, a curriculum for multi-user JSCC might start with single-user
transmission under ideal channel conditions, then gradually introduce multiple users and more

challenging channel models [27, [124].

Recent work has shown that curriculum learning can significantly improve convergence and
final performance in large-scale communication systems [125]. The curriculum can be designed
based on various criteria including SNR, number of users, or data complexity, with automatic

curriculum generation methods showing particular promise for adaptive system design [126].

2.7 Image Quality Evaluation Metrics

Throughout this thesis, we evaluate image reconstruction quality using several complementary
metrics that capture different aspects of image fidelity. We define these metrics here for reference

across subsequent chapters.

2.7.1 Peak Signal-to-Noise Ratio (PSNR)

The peak signal-to-noise ratio (PSNR) measures pixel-level reconstruction fidelity and is defined

as:

AQ
PSNR(x,x) = 10log;, < - > dB, (2.9)

112

Cin HW “X o X“2
where x and X are the original and reconstructed images, respectively, C},, H, and W denote the
number of color channels, height, and width of the image, and A is the maximum possible pixel

value (e.g., A = 255 for 8-bit images). Higher PSNR indicates better reconstruction quality.
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2.7.2 Structural Similarity Index (SSIM)

The structural similarity index measure (SSIM) [127] captures structural information beyond
pixel-level differences by comparing luminance, contrast, and structure between two images. It

is defined as:
(2pxpis + 1) (20xx + ¢2)

SSIM(x,x) =
SR E = R Ean)

(2.10)

where p, and pg are the means, o2 and o2 are the variances, oyz is the covariance between
the two images, and ¢y, ¢y are stabilization constants. SSIM values range from —1 to 1, with 1

indicating perfect structural similarity.

2.7.3 Multi-Scale Structural Similarity (MS-SSIM)

Multi-scale SSIM (MS-SSIM) [128] extends SSIM by evaluating structural similarity across
multiple spatial scales. Images are iteratively downsampled, and SSIM is computed at each

scale j. The final score is a weighted geometric mean:

M Ej]\il wj
MS-SSIM(x, %) = [H SSIM(xﬂ,fa)wf'] , (2.11)

j=1
where M is the number of scales, x7 and %/ denote the images at scale j, and w; are the per-scale
weights. We use default weights from [128], adjusting the filter size to the maximum value that
does not exceed the image resolution or the default value of 11. MS-SSIM has been shown to

correlate better with human perception than PSNR [128].

2.7.4 Learned Perceptual Image Patch Similarity (LPIPS)

LPIPS [57] measures perceptual similarity by computing distances in the feature space of a
pre-trained deep neural network (e.g., VGG or AlexNet). Unlike pixel-wise metrics, LPIPS
captures high-level perceptual differences that align more closely with human judgement.

Lower LPIPS scores indicate greater perceptual similarity. Throughout this thesis, we employ
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a pre-trained VGG network for LPIPS evaluation. These metrics provide complementary
perspectives: PSNR quantifies pixel-level fidelity, SSIM and MS-SSIM capture structural
similarity at single and multiple scales, and LPIPS measures perceptual quality as judged by

learned features.

The background presented in this chapter forms the foundation for our novel contributions in
multi-user semantic communication, as detailed in subsequent chapters: generative approaches
for perceptual quality optimization (Chapter , distributed source coding with decoder-only

side information (Chapter [4)), scalable NOMA-based systems (Chapters [5| and @, and the

privacy-preserving ensemble inference framework (Chapter (7).



Chapter 3

High Perceptual Quality Wireless Image

Delivery with Denoising Diffusion Models

3.1 Introduction

As outlined in Chapter [I| this thesis addresses the first research objective by developing
JSCC techniques with generative models for enhanced perceptual quality. Building upon
the DeepJSCC background established in Chapter [2| this chapter considers a single-user
point-to-point setting and introduces a novel diffusion-based DeepJSCC framework that leverages

controlled degradation and restoration for improved image transmission quality.

Standard DeepJSCC for images [2] focused only on the distortion of the reconstructed image
with respect to (w.r.t.) the input. On the other hand, there has been significant progress
in recent years in generative models that generate realistic images with better perception
qualities. In [27], adversarial loss has been used for DeepJSCC to improve the perceptual
quality of the reconstructed images; however, this has achieved limited success due to the
difficulties in training, such as maintaining a balance between the loss components and ensuring
stable training dynamics. Alternatively, the authors of [47] employed StyleGAN2, a powerful
pre-trained generative model to improve the perceptual quality of the image reconstructed by

DeepJSCC by modeling the whole encoder-channel-decoder pipeline as a forward process, and

o7
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Figure 3.1: Overview of the image transmission procedure using our method.

modeling the image reconstruction as an inverse problem. With this approach, it is possible to
deploy a DeepJSCC encoder—decoder pair trained over a generic image dataset, and refine its
output by employing a generative model solely at the receiver. In this chapter, we follow a similar
approach, but use a diffusion-based generative model at the decoder. Our method outperforms
both standard DeepJSCC and generative adversarial network (GAN)-based DeepJSCC of [47]

on both perception-oriented and distortion-oriented metrics.

Our main contributions are summarized as follows:

1. We introduce the first denoising diffusion probabilistic models (DDPM)-based DeepJSCC
scheme for wireless image delivery that utilizes a novel controlled degradation and

restoration-based formulation.

2. Through an extensive set of experiments, we demonstrate that our method outperforms
conventional DeepJSCC and previous state-of-the-art generative learning-based DeepJSCC

for all evaluated SNR and bandwidth conditions.

3. To facilitate further research and reproducibility, we provide the source code of our

framework and simulations on github.com /ipc-lab/deepjsce-diffusion.

3.2 System Model and Problem Definition

Here, we describe the problem and our novel methodology that combines diffusion models with
modified DeepJSCC. We decompose our problem into two stages: (1) autoencoding stage, and

(2) restoration stage, which are summarized in Figure [3.1]
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3.2.1 System Model

We build upon the point-to-point DeepJSCC system model described in Section [2.1.1] considering
wireless image transmission over an AWGN channel. The transmitter maps an input image

x € [Cw>xWxH into a complex-valued latent vector z = Eg(x, o) subject to the power constraint

in Eq. (2.2)), and transmits it over the channel as described in Eq. (2.3)).

Unlike the standard DeepJSCC decoder, a nonlinear decoding function De : (C’“,R) —
TCxW < H g the receiver, parameterized by ®, reconstructs a degraded image from the channel
output, i.e., Xqeg = Da(y, ). A restorer Ry, then enhances the image via X = Ry, (Xgeg). Thus,
given the channel output y, the flow of data at the receiver becomes y De, Xdeg @% X. Note
that, in general, these two steps can be combined into a single decoding step. However, similarly

to [47], we are interested in refining the degraded image reconstructed by a generic DeepJSCC

decoder modeled by Dg to improve its perceptual quality.

Given the bandwidth ratio p and SNR (defined in Section [2.1.1)), the goal in general is to minimize
the average distortion between the original image x at the transmitter and the reconstructed

image x at the receiver, i.e.,

argmin E, x5 [d(x,%X)], (3.1)
©.2.9

where 7(x,X) is the joint distribution of original image and the reconstructed image and d(x, X)
can be any distortion metric. As mentioned, we employ DeepJSCC as the code block, which
has been trained to maximize the average PSNR (defined in Section [2.7.1]). It is known that
PSNR is not aligned with human perception in general. Hence, we will also consider the LPIPS

metric [57] (see Section [2.7.4)), which has been shown to better match human perception.

3.3 Methodology

In this section, we describe our novel methodology to exploit image restoration for efficient

image transmission using DeepJSCC. Algorithm [I] summarizes the training methodology of the
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Figure 3.2: Overview of the image restoration procedure by R..

Algorithm 1: Our JSCC-based image transmission procedure

> At the transmitter N
z=FEg(x,0) > Encoding
7 = \/kPug/ ||2]52 > Power normalization
> AWGN channel <
y=2z-+n > Recewed signal
> At the receiver <
Xdeg = Da(y, 0) > Reconstruction of the degraded image
X = Ry (Xdeg) > Restoration of the degraded image
return x

introduced method, named DeepJSCC-Diffusion.

3.3.1 Transmission of the Degraded Image

We treat the process from the input image to the reconstructed degraded image as a forward
process, and we formulate the restoration as an inverse problem. We would like to approximate
the impact of the forward process as a known linear transform that we can invert, A € R¥P
Hence, the aim of DeepJSCC-Degraded is to transmit a degraded version of x, denoted by

Xdeg € R, where

Xdeg = AX.

Degradation matrix A can be any linear operator, such as decolorization or mean-pooling-based

downsampling [5]. Ideal A should have the following properties:

1. Tt should reduce the amount of information to be transmitted so that x4es can be recovered

at the receiver with minimal reconstruction error, denoted by Xge-

'We consider flattened versions of X, Xdeg, X and x for simplicity of the notation, e.g., we map x € RCmxWxH

to x € RP*! where D = C;,,WH.
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2. It should preserve perceptual invariances of the image so that Xg4e, can be restored by R,

yielding a consistent and perceptually high-quality image x.

When A =1, our scheme for autoencoding stage is equivalent to standard DeepJSCC. However,
note that, when the channel SNR and bandwidth ratio p are low, the receiver cannot always
recover the desired Xg4eq, and additional reconstruction error is introduced, following an unknown
distribution. Our goal by introducing A is to obtain a known degradation operator to remove
the additional noise and to allow good restoration. For instance, a lower resolution image can
be transmitted more reliably on the same channel w.r.t. its higher resolution version, yet, it
requires further restoration at the receiver to recover its high-resolution version with better

perceptual quality.

3.3.2 Restoration of the Degraded Image

Here, we describe the restoration stage that reverts the known degradation modelled by A and

improves its perceptual quality while remaining as consistent with X4c, as possible.

We denote the pseudo-inverse of A via Af, which satisfies AATA = A, and can be solved
in matrix form using singular value decomposition (SVD). For instance, AT corresponds to
upsampling matrix for the downsampling-based degradation operator A. Given degraded image
Xdeg, image restoration (IR) aims to yield x that does not introduce significant distortion while
increasing the perceptual quality of the image [5]. For the former, we introduce a consistency
constraint that requires AX = Xgey, Whereas the perceptual quality requires x ~ ¢(x), where

q(x) represents the ground truth (GT) image distribution.

We employ DDPM, denoted by Z, which is trained through a progressive denoising task.
DDPM consists of T-step forward and backward processes. The forward process gradually
introduces random noise into the data, whereas the reverse process generates desired data
samples from noise. Let €, denote the noise in x; at time step ¢. DDPM utilizes a DNN, Z,,
to predict the noise, €, i.e., € = Zy(x,t) is the estimation of €, at time-step ¢. We refer the

reader to 5], 4] for further details on DDPMs. Although DDPMs are powerful unconditional
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Algorithm 2: Image restoration procedure R,.

1: x7 ~ N(0,1) > Initialize from pure noise
2: fort="1T,..,1do

3: Xo|t = ﬁt (Xt — Zyp(x4,1)/1 — 5&) > Denoising step
4: Xo|t = ATXgeg + (I — ATA)X0|t > Refine null-space
5: X1 ~ P(Xe—1]X, Xopt) > Sample from reverse process
6: return xg

image generators, generating consistent images is challenging [4, [5]. We employ zero-shot image
restoration method denoising diffusion null-space model (DDNM), which utilizes and guides
the DDPM model Z,;, for the restoration task to improve quality while preserving consistency.
Note that since DDNM utilizes a pre-trained DDPM, it does not require specific training for

restoration task [5].

Any sample x can be decomposed into x = ATAx + (I — ATA)x, called range-null space
decomposition, where the two terms correspond to range and null space parts of the image,
respectively. We denote the estimated x¢ at diffusion time-step ¢ as xg¢. For a degraded image

Xdeg, We can construct a solution for x that satisfies the consistency constraint:

% = Afxgeg + (I — ATA)xq,

where x|, is iteratively refined via the procedure shown in Figure and Algorithm , where
@ is a hyperparameter determining the noise schedule and p is the forward diffusion process
distribution (see [5] for more details). Since modifying xo; does not affect the consistency
constraint, the restoration procedure does not break the consistency of the transmitted image.
Therefore, we refine the image to increase its perceptual quality while keeping it consistent to
the version reconstructed by the DeepJSCC decoder with a known degradation. Finally, we

unflatten x back to dimensions Ci, x W x H.
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Figure 3.3: The encoder (top) and decoder (bottom) architectures of the employed DeepJSCC
scheme.

3.3.3 Autoencoder Network Architecture and Training

Figure[3.3|shows the details of the employed CNN-based autoencoder architecture for DeepJSCC,
which builds upon the common backbone described in Section 2.1.2] For fair comparison, we
employ the same neural network (NN) architecture with [47] as our autoencoder, except that

we replace the first residual upsample block of the decoder with a residual block to produce the

degraded image Xqeg-

Notice that, unlike the current DeepJSCC architectures |2} [32], our CNN-based autoencoder
reconstructs the degraded image Xqe,, Which is later restored by Rg. We denote degradation
matrix A to be the average pooling matrix (with downsampling factor of 2 on both dimensions),
so we have 2W' = W, 2H = H and Cy, = C;,. The reason for this choice is that we can

reliably revert this degradation and obtain a high-quality image via restoration as described

in Section 3.3.2

We first train the encoder and decoder parameters ® and ® to minimize the MSE loss:

1

£l Xae) = G v

HAX - &degH; y

which aids our DeepJSCC-Degraded model to transmit degraded instances with minimal

distortion w.r.t. the known degradation modelled by A.
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3.4 Numerical Results

In this section, we present our experimental setup and demonstrate the performance gains of

our method.

3.4.1 Experimental Setup

We evaluate our method on 512x512 CelebA-H(Q dataset, which contains 30 000 high-resolution
images [41]. We split the dataset using the same procedure as in [47], i.e., split as 8 : 1 : 1 for
training, validation, and testing, respectively. We use the PSNR and LPIPS metrics (defined in

Section [2.7) to evaluate the quality of the reconstructed images.

3.4.2 Implementation Details

We have conducted the experiments using Pytorch [129]. We use the same hyperparameters
and the same architecture for all the methods. We set the learning rate to 1 x 10~%, number of
filters in middle layers to 128, batch size to 64 and the power constraint to P,,, = 1. We use
Adam optimizer [I30]. We continue training until no improvement is achieved for consecutive
10 epochs. During training and validation, we run the model using different SNR values for
each instance, uniformly chosen from [—5,5] dB. We test and report the results for each SNR
value using the same model thanks to the AF module. We shuffle the training pairs or instances

randomly before each epoch.

In the restoration step, we employ 512x512 unconditional Imagenet DDPM, which is fine-tuned
for 8100 steps from OpenAl’s class-conditional DDPM [4]. We set the number of diffusion time
steps to T' = 1000 with linear schedule. We also utilize the time-travel trick in [5] with 100

sampling time steps.
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Figure 3.4: PSNR and LPIPS comparison of our method with the baselines for p €
{0.0013,0.0052} over different SNRs.

3.4.3 Results

In this section, we show the superiority of our method over standard DeepJSCC and GAN-based
DeepJSCC [47], named Inverse-JSCC. Since previous studies have already shown that DeepJSCC

outperforms classical separation-based methods, we do not consider them as baselines [2].

Figure shows the comparisons in terms of PSNR and LPIPS metrics, respectively. We
highlight that we consider an extremely challenging communication scenario with a very low
bandwidth ratio. Our method clearly improves w.r.t. both DeepJSCC and Inverse-JSCC at
all evaluated values of SNRyet € [—5,5] dB and p € {0.0013,0.0052}. Figure shows an
example set of reconstructed images for qualitative comparison. It is clear that the proposed
method generates more realistic images, but surprisingly, it also achieves a much lower distortion
at all channel conditions. We note that our method improves upon DeepJSCC even in terms of
the distortion metric, PSNR. This shows that it is beneficial for the DeepJSCC to target a lower
resolution version of the image, which can then be improved at the receiver using the diffusion

model.



66 Chapter 3. Wireless Image Delivery with Diffusion Models

Original Image DeepJSCC DeepJSCC-Diff (Ours)

Figure 3.5: Qualitative comparison of the reconstructed images from CelebA-HQ dataset for
p = 0.0013 and SNRyes; = 3 dB.

3.5 Conclusion

We have introduced a novel generative communication scheme for image transmission over noisy
wireless channels, which promotes realness and consistency through controlled degraded image
transmission followed by restoration. The introduced method employs DDPM in addition to
a modified DeepJSCC, which aims at transmitting a degraded image with the degradation
modeled as a known linear transform. We have shown that the proposed scheme outperforms the
standard DeepJSCC and the state-of-the-art GAN-based DeepJSCC. While we have considered
a specific linear transform for the DeepJSCC encoder and decoder pair in this work, we will

consider its optimization in our future work.



Chapter 4

Distributed Deep Joint Source-Channel
Coding with Decoder-Only Side

Information

4.1 Introduction

As outlined in Chapter [I], this thesis addresses the second research objective by developing
JSCC techniques that exploit source correlations. Building upon the DeepJSCC and distributed
source coding principles established in Chapter [2 this chapter extends these approaches to
scenarios with decoder-only side information, enabling more efficient transmission of correlated
images. While the previous chapter considered a single-user point-to-point channel, this chapter
can be broadly viewed as a two-user setting where one user transmits its image and a correlated

image from a second source is available as side information at the decoder.

In this chapter, we are interested in the scenario where the receiver has access to a correlated
side information sequence (see Fig.[4.1]). For example, consider a distributed network of cameras
transmitting images to a joint central processing unit. In such scenarios, images are highly

correlated; hence, transmitting each image independently results in significant communication

67
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Figure 4.1: Separation-based (top) vs. JSCC-based (bottom) communication schemes, having
decoder-only side information.

overhead. As a first step towards exploiting source correlations in large networks, we consider

the simple case with two cameras, where one camera sends its image to another.

It is known that separate source and channel coding remains to be optimal in the case of
communication with decoder-only side information [131]. This is achieved by Wyner-Ziv lossy
compression of the source sequence exploiting decoder’s side information through binning [7],
followed by capacity-achieving channel coding. However, the price to pay for near-optimal
performance is high complexity and delay since achieving the channel capacity and the Wyner-Ziv
rate—distortion function necessitates large blocklengths. We instead leverage the universal
function approximation capability of neural networks [132] to find constructive solutions for

JSCC with decoder-only side information in the non-asymptotic regime.

Our goal is to design a practical JSCC scheme that can benefit from the side information at the

receiver. Our main contributions can be summarized as follows:

e To the best of our knowledge, we introduce the first DeepJSCC-based image transmission
method that explicitly exploits decoder-only side information, termed DeepJSCC-WZ. The
proposed transmission scheme is an important building block towards fully distributed

practical DeepJSCC schemes for correlated image/video signals.
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e We demonstrate that our method significantly outperforms both the point-to-point
DeepJSCC scheme (with no side information) and the separation-based scheme with
side information, in terms of both traditional and perception-oriented fidelity metrics for

all the considered channel SNR and bandwidth ratio (BR) values.

e As an upper bound, we also provide a solution for the scenario in which the side information
is available at both the encoder and decoder. This allows us to quantify the performance

gain by providing the side information also to the encoder.

e To facilitate further research and reproducibility, we also provide the source code of our

framework and simulations on github.com/ipc-lab/deepjscc-wz.

4.2 System Model and Problem Formulation

We extend the point-to-point DeepJSCC system model in Section to the setting where the
receiver has access to correlated side information. See Fig. for an illustration. Specifically,
we focus on pairs of stereo images with overlapping fields of view as correlated information
sources X, Xgqe € 1¢m*W*H# The transmitter encodes the input image into a complex-valued
latent vector z = Eg(x,0?) subject to the power constraint in Eq. , and transmits it over
the AWGN channel as described in Eq. (2.3).

N ]ICianxH

At the receiver, a nonlinear decoding function Dg : CF , parameterized by ®,

reconstructs the input image using both the channel output y and the side information:

X = D@(yv Xsides 0-2)‘

Given the bandwidth ratio p and the channel SNR (defined in Section [2.1.1)), our learning

objective is to minimize the average distortion between the original input image x at the


https://github.com/ipc-lab/deepjscc-wz
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Figure 4.2: Encoder architecture of our method (top), which is used to encode both the input
image x at the transmitter and the side information image xgq4. at the receiver side. Red arrows
indicate the flow of the encoded side information. s;, s,, s3 and s, denote the encoded side
information at different scales, which are to be used at the receiver side. Decoder architecture
of our method (bottom), which is used to reconstruct the input image from the noisy channel
output y and the side information Xg;qe.

transmitter and the reconstructed image x at the receiver, i.e.,

argminE [d (x,x)],
0.9

where the expectation is over the source and side information statistics, (X, Xside) ~ P(X, Xside), as

well as the channel noise distribution. Here, d(-,-) can be any differentiable distortion measure.

4.3 Methodology

In this section, we describe our novel architecture that we build upon the state-of-the-art
DeepJSCC architecture. While the previous chapter applied DeepJSCC to single-user point-to-point
transmission, this chapter addresses a distributed setting with decoder-only side information.
Our DeepJSCC-WZ architecture incorporates a dedicated side-information encoder at the
receiver, in addition to the transmitter’s source encoder, and employs multi-scale feature fusion

in the decoder, enabling more efficient transmission in correlated source settings.
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Algorithm 3: Training procedure of DeepJSCC-WZ

repeat > Iterate through epochs

Shuffle Diyain and set [ =t =0

for all (x,Xide) € Dirain do
> At the transmitter N
Calculate o2 via Eq. for SNR ~ Uniform [—5, 5]
z=Feo (x, 0'2) > Encoding
z = \/kPavg/ HZH%Z > Induce power normalization
> AWGN channel N
Sample n ~ CN (0, 021})
y=z+n > Received signal
> At the receiver N
% = Da(y, Xside, 02) > Decoding
l=14+L(x,%)
t=t+1
if t mod batch size = 0 then > Standard mini-batch training
L Update ®, ® by backpropagating [

Reset | and gradients to zero

until validation PSNR does not improve for e epochs

4.3.1 DeepJSCC-WZ Architecture

Our DNN architecture tackles several challenges at once: learning with side information,
high-dimensional inputs, large number of parameters, spatial correlations, and SNR adaptivity.
Fig. [£.2) illustrates the encoder and decoder architectures we propose for distributed variant of

DeepJSCC in the Wyner-Ziv setting, i.e., having decoder-only side information.

We build upon the common DeepJSCC autoencoder backbone described in Section [2.1.2] The
AF module requires SNR as an input, which is calculated via Eq. . We randomly sample
SNR values during training to enable generalization (see Algorithm . Reliably incorporating
information from multiple views or modalities for learning-based methods, such as DNNs, has
been known to be challenging. Fusing multiple views can be done at the data, feature or output
levels [109, 110]. In [65], the extracted side information features are concatenated with the
received compressed features only before being fed to the decoder. Inspired by these works,
we opt for fusing Xgqe to our decoder at four different stages with different scales, including
the encoder’s intermediate features and its output. This way, we are able to incorporate both
high-level details, such as the presence of objects, from low-resolution features, and fine-grained

details, such as the texture of pixels, from the higher resolution features.

In the DeepJSCC-WZ network, we incorporate the decoder-only side information by employing

the same encoder architecture at the receiver, but feed it with Xgq. as input, instead of the
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original source image. This encoder’s intermediate outputs are given to the decoder at different
scales, as shown in Fig. .2l As seen, s, is concatenated at the filter dimension of the noisy
channel output y. Also, s3,s, and s; are concatenated after the consecutive upsampling layers
in the decoder. Lastly, the side information x4 is concatenated with the last upsampling

layer’s output at the filter dimension. The encoder output is power-normalized as described in

Section to satisfy the constraint in Eq. (2.2)).

4.3.2 Training Loss

Algorithm 3| shows the overall training procedure DeepJSCC-WZ, which is trained in an
unsupervised fashion using only the raw image pairs, (X, Xsige) € Dirain, Where Dy, is the set
of training data pairs. As such, it does not rely on any costly human labelling. We randomly
generate and use the channel model throughout training as described in Section [£.3.1 We
train the whole DNN architecture end-to-end with the task of reconstructing the input image
x by minimizing the prescribed distortion measure d(-,-). Note that DeepJSCC models can
be directly optimized for any differentiable distortion measure, and can be easily adapted
to various multi-media transmission tasks (e.g., video as in [28]). Following the reasoning
in [133], we choose a composite loss function, £, to jointly optimize the distortion-perception

trade-off |47, 22] for the reconstructed images as:

L(x,%) =Y MSE(x, %)+ \-LPIPS (x,%), (4.1)

(xvxside ) e,Dtrauin

where MSE(x,%) £ L [x — /|2 is the MSE loss, where m is the total number of elements

in x, i.e., m = C;, WH, and LPIPS [57] is a commonly used perceptual quality metric (see
Section . Here, X is the trade-off parameter, determining the relative importance of LPIPS
loss w.r.t. the MSE loss. Unlike the MSE distortion metric (which is applied point-wise),
perception-oriented distortion criteria, such as LPIPS and MS-SSIM [128] (see Section [2.7)),
measure the similarity between the original image and the reconstructed one using a proxy for

the human perception.
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4.4 Numerical Results

In this section, we present our experimental setup to show the performance gains of our method

in different scenarios.

4.4.1 Datasets and Baselines

For the first part of the experiments, we use the Cityscapes dataset [134], consisting of 5000
stereo image pairs, where 2975 pairs are used for training, and 500 and 1525 pairs were used for
validation and test, respectively. For the second part of experiments, following [135, 65], we
compose our dataset from KITTI 2012 [136] and KITTI 2015 datasets [137, [13§|, termed as
KITTIStereo, where 1576 pairs are used for training, and we validated and tested models on

790 image pairs each.

To quantify how much our scheme can benefit from the decoder-only side information, we first
compare our method with conventional DeepJSCC, which ignores the side information. In
addition, we also experiment with further reduction in the number of parameters by using
the same set of parameters for encoding both the input image x at the transmitter, and
Xgde at the receiver side, called DeepJSCC-WZ-sm. In other words, unlike DeepJSCC-WZ,
the encoding functions at the transmitter and at the receiver share the same parameters ©.
DeepJSCC-WZ-sm also receives binary indicator of encoding either x or xgq. to encoder’s AF
modules. For a complete comparison, we further introduce a model named DeepJSCC-Cond,
where the transmitter also has access to X4 image, which serves as an upper bound on the
performance of the model of interest. We also consider separate source and channel coding designs
using the neural image compression approach named Deep NIC+ Capacity, which incorporates side
information as in [65] followed by ideal capacity-achieving channel codes. For the performance
of DeepNIC-+Capacity, we use the results from the original paper [65] and adopt an upper
bound for this scheme by equating the reported average rate values in [65] to the capacity of a

complex AWGN channel multiplied by the BR value.
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Figure 4.3: Visual comparison of reconstructed images from KITTIStereo (top) and Cityscapes
(bottom) datasets, having BR value of p = 1/32 and SNResy = —4 dB.

4.4.2 Implementation and Training Details

We utilize standard hyperparameters for our method that has been commonly used in the
literature |2, 32]. We employ a learning rate of 1 x 10™*, a batch size of 32, and an average
power constraint of P, = 1.0 (see Eq. (2.2))) for all the analyzed methods. We use Adam
optimizer [130] to minimize the training loss in Equation (4.1)). We train the network with channel
noise n determined by the uniformly sampled SNR, between —5 and 5 dB. Following [65], 139],
we centre-crop each 375 x 1242 image of the KITTIStereo dataset to obtain images of size
370 x 740, and then downsample them to 128 x 256. For the Cityscapes dataset, we directly

downsample each image to the size of 128 x 256.

4.4.3 Comparison with the Baselines

Fig. [4.4] demonstrates the performance gains of our proposed method under different SNR
conditions and BR values of p = {1/16;1/32}, on KITTIStereco and Cityscapes datasets.
We highlight that all the JSCC-based models are trained using the composite loss function in
Eq. , but are evaluated across various traditional (e.g., PSNR) and perceptual (e.g., MS-SSIM
and LPIPS) distortion quality metrics. For both BR values, DeepJSCC-WZ outperforms its

point-to-point counterpart, that is DeepJSCC, as well as its separation-based analogue, that is
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Figure 4.4: Comparison of the introduced DeepJSCC-WZ method with the baselines on the
KITTIStereo and Cityscapes datasets for BRs p € {1/16;1/32}.

DeepNIC-+Capacity, at all the evaluated SNRs in terms of the distortion criteria considered.
Unlike the DeepNIC model, we observe that DeepJSCC-WZ does not suffer from the cliff effect

and provides a graceful performance degradation as the channel SNR varies.

Notably, we observe a stark performance improvement in the LPIPS distortion metric, which is
widely accepted to be more aligned with human perception of image quality (see Fig. for

some visual examples).

Looking at the performance of DeepJSCC-WZ-sm, we note that imposing the same set of
parameters for the encoding of both images, x and Xggq., yields little to no effect on the
performance. We also remark that DeepJSCC-WZ achieves a comparable performance with
the model DeepJSCC-Cond, whose performance is expected to serve as an upper limit bound
on the DeepJSCC-WZ model, considering perceptual distortion criteria such as MS-SSIM and
LPIPS. This empirically proves our proposed model’s capability of successfully exploiting the

decoder-only side information.
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Table 4.1: Number of parameters for the compared methods.

Method p=1/16 p=1/32
DeepJSCC 31.6M 31.0M
DeepJSCC-WZ-sm  39.8M 38.6M
DeepJSCC-WZ 48.9M 47.4M

DeepJSCC-Cond 59.1M 57.4M

We refer to Table for a comparison of the number of parameters of all the methods
we have considered. For the two BR values, p = 1/16 and p = 1/32, the amount of
increase in the number of parameters is ~ 25%, ~ 53% and ~ 85% for DeepJSCC-WZ-sm,
Deep-JSCC-WZ and DeepJSCC-Cond, respectively, compared to the standard point-to-point
DeepJSCC. DeepJSCC-WZ-sm, DeepJSCC-WZ and DeepJSCC-Cond models have additional
filter parameters at the decoder, in comparison to DeepJSCC, in order to fuse the encoded
Xgqe features. DeepJSCC-WZ-sm has less parameters than DeepJSCC-WZ thanks to the
parameter sharing of encoders that encode x and xgq4.. Therefore, one can opt for the variant
DeepJSCC-WZ-sm, instead of the DeepJSCC-WZ model, for a comparable performance in
order to keep the number of parameters within a reasonable budget. DeepJSCC-Cond has three
different encoder modules, two of which are to encode x4, at the transmitter and the receiver,

while the other one is to encode x at the transmitter.

4.5 Conclusion

We have introduced a learning-based JSCC scheme for image transmission which is capable of
exploiting a decoder-only side information that is in the form of a correlated image. We have
demonstrated that the receiver is able to successfully exploit this side information, yielding
superior performance over all the channel conditions and distortion criteria considered compared
to ignoring the side information. Possible avenues for future work include analyzing the
robustness of the proposed approach considering time-varying channel models and correlation
structures for (X, Xgiqe), and also considering the fully distributed communication scenarios using

DeepJSCC, which has the potential to be an important ingredient towards realizing the task of
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practical image/video transmission over wireless sensor networks.



Chapter 5

Distributed Deep Joint Source-Channel

Coding over a Multiple Access Channel

5.1 Introduction

Conventional wireless communication systems consist of two different stages, called source coding
and channel coding. As outlined in Chapter [I} this thesis addresses the third research objective
by developing JSCC techniques for efficient multi-user communication. While the preceding
chapters addressed single-user transmission and a distributed setting with correlated sources,
this chapter moves to a fully simultaneous transmission scenario where two independent users
transmit over a shared MAC. Building upon the background on JSCC and NOMA established in
Chapter [2] this chapter introduces a novel deep learning-based JSCC framework that leverages

NOMA for multi-user image transmission over wireless channels.

Shannon proved that such a separate design is without loss of optimality when the source and
channel blocklengths are infinite [I]. However, optimality of separation fails in the practical finite
blocklength regime, or in multi-user networks in general [I40]. Moreover, the suboptimality gap
of separation increases as the blocklength gets shorter or the SNR diminishes, which correspond

to the operation of many delay-sensitive applications such as [oT or autonomous driving.

78
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Although researchers have been investigating JSCC schemes for many decades [141), 142} [143],
these schemes did not find application in practical systems due to their high complexity, and poor
performance with practical sources and channel distributions. Research on JSCC has gained
renewed interest recently with the adoption of DNNs to implement JSCC [2]. This data-driven
approach is based on modeling the end-to-end communication system as an autoencoder
architecture. Numerous follow-up studies have extended DeepJSCC in different directions. In
[144], the authors demonstrate that DeepJSCC can exploit feedback to improve the end-to-end
reconstruction quality. In [145], DeepJSCC architecture is modified by increasing the filter
size to improve the performance. In [146], it is shown that DeepJSCC can adopt to varying
channel bandwidth with almost no loss in performance. In addition to very promising results
achieved for a particular channel quality, it is worth noting that DeepJSCC avoids the cliff
effect suffered by separate source and channel coding and achieves graceful degradation with the
channel quality; that is the image is still decodable even when the channel quality falls below
the target SNR the system is designed for, albeit with lower quality. Separation-based schemes,
on the other hand, suffer from the cliff effect: for a fixed number of channel uses, the channel
code cannot be decoded below a certain SNR threshold, resulting in complete failure. While
practical systems can partially mitigate this through rate adaptation or retransmissions, these

mechanisms trade latency and bandwidth for reliability, and the underlying cliff effect persists.

In this chapter, we consider transmission of distinct images over a MAC. It is known that
separation theorem applies to MACs with independent sources; however, the design of practical
JSCC schemes for finite blocklengths and real information sources remain as an open challenge.
A straightforward approach is to employ TDMA, where each user employs the same trained
DeepJSCC network to transmit using half of the channel bandwidth. However, our goal in this
chapter is to develop a DeepJSCC framework that can exploit non-orthogonal communications.
A related NOMA-aided JSCC scheme is considered for collaborative inference over a MAC

in [I0], where the goal is to retrieve a unique identity rather than reconstructing distinct images.

Our main contributions are summarized as follows:

1. To the best of our knowledge, we introduce the first multi-user DeepJSCC-based image
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transmission method, exploiting NOMA.

2. We introduce a novel Siamese network-based architecture with device embeddings that
allows us to use the same set of parameters for both devices, which will be instrumental

in scaling our solution to larger networks.

3. We introduce a training data subsampling methodology, and employ CL-based training to

further improve the performance.

4. Through an extensive set of experiments, we show that our superposition-based method
for NOMA outperforms traditional DeepJSCC with time division for all evaluated SNR
conditions. We also show that our method is fair; that is, no significant difference is

observed between the performances of the two users.

5. To facilitate further research and reproducibility, we provide the source code of our

framework and simulations on github.com /ipc-lab/deepjscc-noma.

5.2 System Model and Problem Formulation

We extend the point-to-point DeepJSCC system model in Section to a two-user uplink MAC

c ]ImeWxH

setting. Each transmitter ¢ € {1,2} maps its input image x; into a complex-valued

latent vector z; = Fe, ,(x;) € C*, subject to the average power constraint in Eq. .
The receiver observes the superposition of both transmitted signals:
Y =121 +2z;+n,
where n ~ CN(0, 0%I;) is i.i.d. complex Gaussian noise. We assume o is known at both the

transmitters and the receiver.

N ]12><Cin><W><H

A single nonlinear decoding function Dg, : CF , parameterized by ®, jointly


https://github.com/ipc-lab/deepjscc-noma
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Figure 5.1: Overall architecture of our DeepJSCC-NOMA method. The device embeddings ry
and ry are introduced in Section W

reconstructs both images from the superposed channel output:

Given the bandwidth ratio p and channel SNR (defined in Section [2.1.1]), our objective is to
maximize the average PSNR (defined in Section [2.7.1)) on an unseen target dataset. To achieve
this goal, in the next section, we will introduce our framework to implement joint training of

the neural network based decoder Dg , and encoders Eg, ,, i € {1,2}.

5.3 Methodology

In this section, we describe our novel methodology to exploit NOMA for efficient image
transmission using DeepJSCC. Algorithm [4] summarizes the training methodology of the
introduced method, called DeepJSCC-NOMA.
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Algorithm 4: Training Procedure of DeepJSCC-NOMA

Construct Dipain and Dy > See Section[5.3.5
Initialize r; and ry from N (0, 1) > Device embeddings
repeat > Iterate through epochs
Shuffle Diyain and set £ =0

for all (x1,x3) € Dipain do

Calculate o via Eq. for SNR ~ Uniform [0, 20]

fori=1,2do > Device with index 1
- T
X; = [Xi I“i]
z; = Ee »(X;) > Encoding
/ 2 S
z; = \/ k P/ ||2i|52: > Power normalization
> Transmit z, and zo via same channel <
Sample n ~ CN (0, 0%I;)
y=2z+2,+n > Received signal
~ ~ 1T .
[Xl Xg} = Do, (y) > Decoding

L = L+ MSE (x1,%1) + MSE (x2, X2)

if ¢t mod batch size = 0 then
> Standard mini-batch training <
Update rqy,ry, ®, ® by backpropagating £
Reset £ and gradients to zero

.~ Compute validation PSNR using D,

until validation PSNR does not improve for e epochs

5.3.1 DeepJSCC-NOMA Architecture

We build upon the common DeepJSCC autoencoder backbone described in Section [2.1.2]
using the conference version [147] with two downsampling/upsampling layers instead of four.
Distributed compression architectures such as [65] employ encoders with different parameters for
each device. However, this makes training more demanding due to the large number of parameters.
Instead, we consider a Siamese neural network architecture [148], in which the two encoders
at the transmitters share their parameters, i.e., @; = @y = ©. This significantly reduces the
complexity thanks to our novel device embedding-based input augmentation method. Figure 5.1
summarizes our architecture for DeepJSCC-NOMA. The encoder output is power-normalized as

described in Section to satisfy the constraint in Eq. (2.2)).
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We jointly train the whole network using the training data pairs Di,.;, using the loss function L:

L(©,®)= ) MSE(xi, %)+ MSE (x2, %),

(x1,%2)
G,Z)trauin

where MSE(x,%) £ L ||x — /|2 and m is the total number of elements in x, which is given by
m = Ci, WH. We note that the introduced method is unsupervised as it does not rely on any

costly human labeling, and raw images and the channel model are enough to train our method.

Our method takes multiple instances as input and aims to decode two images, i.e., x; and X,
simultaneously. Therefore, our task fits into the MTL [I15] framework (see Section [2.6). One
common method in MTL is to share parameters to model commonalities between tasks. In our
problem, the task of image transmission for both encoders is exactly equivalent, so it is natural
to share parameters of the encoders. However, the receiver also needs to distinguish between
the images transmitted by the two encoders during the joint decoding phase. This is why we

employ input augmentation, which is explained in the next section.

5.3.2 Input Augmentation via Novel Device Embeddings

Due to the superposition nature of the MAC, even if the receiver can recover both images with
low distortion, it is challenging in the case of NOMA to distinguish which image belongs to
which transmitter. We also want a scalable architecture; hence, we would like to employ the
same encoder architecture for both transmitters. Note that an encoder that takes both images
as input is not possible since we assume no communication between the devices during the

transmission phase.

Without significantly increasing the number of parameters and without changing the DeepJSCC
architecture that is known to perform well, we introduce an input augmentation method to
be able to improve separability of signals in the aggregate representation domain. Hence, we
employ device embeddings, which are unique trainable weights for each transmitting device. We

initialize the two trainable device embeddings r; € 1 x W x H randomly from N (0,1), i = 1,2,
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and concatenate with the input image as follows:

Therefore, the inputs will have Cy, + 1 dimensions, e.g., 4 dimensions instead of 3 for RGB
images. This simple method allows the network to differentiate between different devices. These
embeddings are optimized jointly during training and remain constant during test time. For
i =1,2, X; is given to encoder i as input, instead of x;, to obtain z; = Eg ,(X;) before power

normalization.

Instead of separate decoders at the receiver, we only employ image specific parameters at the
last layer of the decoder. This significantly reduces the number of parameters and eases the
training process while better separating the transmitted signals. The decoder Dg , outputs
2C,, x W x H dimensional image tensor, which is then reshaped into two separate images, i.e.,
to the shape 2 x Cj, x W x H. Notice that although device embeddings introduce new trainable

parameters, it only depends on the image size, and does not scale with the number of devices.

Notice that, by minimizing £, the network learns to model intra-user distributions p(X;|X;),
p(Xa|X2) as well as inter-user distributions p(X2|X;), p(X1|X2). With inter-user distributions, the
encoders ease separability of the input instances by training device embeddings r; and r, since

the inputs x; and x5 are independent and the encoders share all the parameters.

5.3.3 Training Data Subsampling Strategy

We now need to define the training pairs in Di,a;, to compute the loss, £. Since we are training
the network on pairs (xi,X3), there are N2 possible pair combinations for a given training
dataset with N samples. However, it is generally infeasible to use all of these pairs since the
number of training instances grows quadratically with N. Therefore, we subsample T < N2
pairs from all possible combinations as in DML problems [120]. To ensure uniqueness of every

pair, we subsample without replacement. We use the same pairs in Di.,;, after shuffling to
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Figure 5.2: NOMA vs. TDMA-based DeepJSCC comparison for p = 1/6 and p = 1/3.

minimize £. We also construct validation pairs D, by splitting the initial validation data into

two and use the same validation pairs after every epoch.

5.3.4 CL-Based Training Methodology

In our problem, the received signals are very noisy due to the interference from the other device.
We address this problem by first training the network without superposition (which is an easier
task) by only using the signal and the AWGN noise, i.e., by computing X; via Dg ,(z; + 1) and
Xy via Dg (22 + n), both with the power constraint P,,, as in our standard training strategy.
We then fine-tune the network with the standard training strategy on superposed signals as
described above. This way, we enjoy benefits of the progressive training process via CL. Note
that we do not change the loss function or any other component of the network in any phase of

our CL training strategy.

5.4 Numerical Results

In this section, we present our experimental setup to demonstrate the performance gains of our

method in different scenarios.
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5.4.1 Dataset

We employ CIFAR-10 dataset for training and testing, which has training data with 50 000
instances and test data with 10000. All the images have the shape of 3 x 32 x 32 as RGB
channels’ dimension, width and height, respectively. We split the training data into 45000

training instances and 5000 validation instances.

5.4.2 Baselines

We compare our method with classical DeepJSCC with time division, named DeepJSCC-TDMA.
We name our method DeepJSCC-NOMA-CL. We compare it with the model without CL
described in Section We also compare it with the case of strong assumption of ideal SIC
scenario to show the potential of our method, named DeepJSCC-SingleUser. This is also the
initial model in CL-based strategy described in Section [5.3.4] which is trained and tested with
non-interfering signals. We also note that previous studies already showed the superiority of
DeepJSCC over classical separation-based transmission methods under power and bandwidth
constraints [2], and in this chapter, we show superiority of our method over standard DeepJSCC

employing time division.

5.4.3 Implementation Details

We conducted all experiments using the PyTorch framework [129]. We use the same hyperparameters
and the same architecture for all the methods. We use learning rate 1 x 10~* and batch size
64. We set the number of filters in the middle layers to 256 for both encoder and decoder. We
use the power constraint P,,, = 0.5 for all the methods to make the TDMA-based DeepJSCC
model comparable with previous works. We use Adam optimizer to minimize the loss [130].
We continue training until no improvement is achieved for consecutive e = 10 epochs. During
training and validation, we run the model using different SNR values for each instance, uniformly

chosen from [0,20] dB. We test and report the results for each SNR value using the same
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model. For the proposed method, we use the training data with 200 000 unique pairs instead of
45000 x 45000 pairs using the method described in Section [5.3.3 We shuffle the training pairs

or instances randomly before each epoch.

5.4.4 Comparison with TDMA-based DeepJSCC

Figure [5.2] demonstrates the performance gains of our method in different SNR, conditions for p =
1/6 and p = 1/3 compression ratios. For both compression ratios, DeepJSCC-NOMA performs
better than its TDMA counterpart for all evaluated SNRs. For p = 1/3, DeepJSCC-NOMA-CL
achieves 0.91 dB (absolute) higher PSNR on average compared to DeepJSCC-TDMA. For
p = 1/6, our method achieves 0.25 dB (absolute) higher PSNR on average compared to
DeepJSCC-TDMA.

CL-based training further improves DeepJSCC-NOMA for all evaluated SNRs for both compression
ratios. We observe that DeepJSCC-NOMA-CL achieves an improvement of 0.32 dB and 0.08
dB with respect to DeepJSCC-NOMA in terms of PSNR for p = 1/3 and p = 1/6, respectively.
This shows the benefits of the employed CL method. DeepJSCC-SingleUser serves as an upper

bound although it is a highly optimistic assumption, so we do not expect it to be tight.

5.4.5 Analysis of Fairness

Figure illustrates the fairness of DeepJSCC-NOMA-CL for p = 1/3. There is no significant
difference between the average PSNR achieved by the two devices, while both of them are

outperforming TDMA-based DeepJSCC. A similar observation is also made for p = 1/6.

5.4.6 Analysis of the Number of DNN Parameters

Table shows the comparison of our method with the standard point-to-point DeepJSCC with
time-division. For both the compression rates p = 1/6 and p = 1/3, the amount of increase in the

number of parameters is only ~ 1% thanks to the input augmentation and single decoder tricks.
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Bandwidth Ratio p = 1/3
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Figure 5.3: Fairness analysis between different users of our method for bandwidth ratio p = 1/3.

Table 5.1: Number of parameters for the compared methods

Method p=1/3 p=1/6

DeepJSCC-TDMA  222M  22.1M
DeepJSCC-NOMA  224M  22.3M

Otherwise, we would need to use different encoder and decoders as explained in Section [5.3.2]

which would cause growth in the number of parameters as the number of devices increases.

Notice that the differences between the proposed DeepJSCC-NOMA method and the classical
DeepJSCC for TDMA are the followings: (1) number of parameters in the last layer of the
encoder and the first layer of the decoder since the available bandwidth is twice in NOMA; (2)
trainable embedding of our novel input augmentation described in Section ; (3) the number
of parameters in the last layer of decoder since we are decoding two different images using the
same decoder. But, as the table shows, these introduce only a marginal increase in the number

of parameters, and hence, the computational and memory complexity.

5.5 Conclusion

We have introduced a novel joint image compression and transmission scheme for the multi-user

uplink scenario. The proposed approach exploits NOMA and the transmitters employ identical



5.5. Conclusion 89

DNNs. We have shown that, thanks to the novel input augmentation trick, the receiver is
able to recover both images despite the analog transmission of underlying DeepJSCC approach,
and is able to attribute decoded images to the correct transmitters. We have shown that the
proposed DeepJSCC-NOMA scheme achieves superior performance compared to its time-division

counterpart.



Chapter 6

Learning to Interfere in Non-Orthogonal
Multiple-Access Joint Source-Channel

Coding

6.1 Introduction

In wireless communication systems, efficiently transmitting data from multiple users to a
common receiver is a fundamental challenge that has driven the development of various multiple
access techniques. As outlined in Chapter [I], this thesis addresses the fourth research objective
by developing scalable multi-user communication techniques. While Chapter [5] introduced a
NOMA-based DeepJSCC framework for two users, scaling to many simultaneous users introduces
significant additional challenges in interference management and training stability. Building
upon that framework, this chapter introduces a novel progressive fine-tuning approach for

scalable multi-user DeepJSCC that supports 64 users and can scale even more.

Traditional approaches rely on orthogonalization strategies such as TDMA and frequency-division
multiple access (FDMA), where users are allocated dedicated time slots or frequency bands.

TDMA is a communication technique, where users take turns transmitting data within specific

90
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time slots. Although it enables the use of point-to-point schemes, TDMA is inherently limited
in capacity compared to superposition-based schemes [8]. In contrast, NOMA allows multiple
users to share the same time and frequency resources simultaneously [8, 9]. In the uplink setting
considered in this work, multiple users transmit concurrently over a shared MAC, and the
receiver must jointly decode the superposed signals. However, in NOMA, signals coming from
different users inevitably interfere with each other, making the implementation significantly

more complex and computationally heavy.

The quest for improved spectral efficiency has led to increased interest in JSCC, which combines
source compression and channel coding into a unified framework. As discussed in Chapter [5]
separation-based approaches are suboptimal in finite blocklength regimes even for independent
sources. However, when it comes to practical finite blocklength regime, separation is suboptimal
even in the case of independent inputs, and to the best of our knowledge, there are no practical
joint coding algorithms that can surpass the performance of separation-based benchmarks with

reasonable complexity for realistic source and channel distributions.

While DeepJSCC has shown remarkable success in single-user scenarios, several limitations
emerge when considering multi-user networks. The ‘analog’ nature of DeepJSCC is critical in
achieving robustness against channel variations. However, it can potentially become a limitation
when it is considered in the context of a larger multi-user network. It can result in higher
peak-to-average power ratio [149], prevent the encryption of the transmitted messages [63], and
cause error accumulation over multi-hop networks [I50, 151]. Most importantly for this work, it
does not allow decoding and removal of interference in the case of multiple interfering terminals

communicating with DeepJSCC.

Extending DeepJSCC to multi-user settings presents significant challenges. DeepJSCC can be
trivially extended to multiple users via TDMA, as shown in Fig. [6.1. However, while TDMA
mitigates the interference problem, it also results in suboptimal performance compared to
superposition coding that exploits NOMA. The fundamental challenge in extending DeepJSCC
to multiple users with NOMA stems from the fact that different users’ signals interfere with

each other, creating a complex optimization problem that traditional deep learning architectures
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Figure 6.1: Extension of DeepJSCC to two users via TDMA.

struggle to handle efficiently. Additionally, the inherent focus of deep learning architectures on
single-sample settings with i.i.d. data becomes problematic in multi-user scenarios, where the
i.i.d. assumption breaks down, and Shannon’s separation theorem no longer holds, complicating
joint encoding and decoding. This complexity has resulted in prior work in the multi-user
DeepJSCC domain being limited to only two users due to the scalability challenges posed by

interference management and training complexity |19, 12} 1T, [72] [73, 21].

To address these multi-user interference challenges, we propose a novel multi-user framework that
scales to many users, as demonstrated with 64 users, by employing a multi-view autoencoder
architecture with orthogonalized user-specific projections and progressive fine-tuning. Our
primary objective is to develop a JSCC scheme capable of managing multiple users, while
utilizing NOMA to achieve substantial performance improvements over traditional orthogonal
approaches. The proposed coding scheme is inspired by the code division multiple access (CDMA)
technique in digital communications, but we apply it to a continuous-amplitude modulation
scheme in the context of JSCC, and learn the orthogonalization codebook employed by the

users rather than using fixed chip sequences.

6.1.1 Contributions

Our main contributions are summarized as follows:
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1. Novel Scalable Multi-View Autoencoder Architecture: Unlike existing multi-user
JSCC methods that use separate networks per user or fixed power allocation schemes,
we present a novel multi-view autoencoder architecture for multi-user semantic image
transmission using NOMA. We introduce learnable user-specific projections, enabling
shared encoder and decoder parameters across devices, with only 2.4% parameter overhead
for 64 users compared to existing approaches that require linear scaling, crucial for scaling

our solution to large wireless network!]

2. Novel Progressive Fine-Tuning Strategy: Addressing the training instability issues
that limit existing multi-user JSCC methods to 2-3 users, we introduce a novel progressive
fine-tuning strategy that doubles the number of users at each stage, building on any
point-to-point DeepJSCC scheme. It maintains performance at the start of each stage

thanks to orthogonalized user-specific projections.

3. Comprehensive Performance Evaluation: Extensive experiments show our method
outperforms TDMA-based DeepJSCC, NOMA alternatives, and separation-based methods
with BPG, neural codecs, and LDPC across all SNR conditions for both independent
and correlated source samples, ensuring fair performance among users. Our method
consistently outperforms existing multi-user approaches across all SNR conditions and
successfully scales to 64 users, while existing methods are limited to 2-3 users. With 64
users, performance improves with only 2.4% additional trainable parameters compared to

a single-user architecture.

4. Performance Analysis: We perform comprehensive ablation studies clearly showing
gains from progressive-fine-tuning, user-specific projections, and orthogonal initialization.
These studies demonstrate that each component addresses specific limitations of existing
multi-user JSCC approaches: progressive training solves convergence issues, learnable
projections outperform fixed schemes, and orthogonal initialization ensures training

stability.

'We will publish the source code and model checkpoints on GitHub at https://github.com/ipc-lab/
deepjscc-pnomal under the CC-BY 4.0 license.


https://github.com/ipc-lab/deepjscc-pnoma
https://github.com/ipc-lab/deepjscc-pnoma
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6.2 System Model and Problem Definition

We extend the point-to-point DeepJSCC system model in Section 2.1.1] to an n-user uplink
MAC setting with a single receiver. Let x; € 1¢»*Wx# denote the image of user 7. The channel

output is

y= Zhizi +neC, (6.1)

i=1
where z; € C* is the transmitted signal vector of user i, h; € C is the channel gain, and
n ~ CN(0,0%I;) is i.i.d. complex Gaussian noise with variance o?. We set h; = 1, Vi, for
the AWGN channel and h; ~ CN(0,1) for the Rayleigh fading channel, Vi € [n]. Each user
is subject to the average power constraint in Eq. . The bandwidth ratio p and SNR are
defined in Section 2.1.11

Throughout this work, we assume that ¢ and h = {hl o hnl ' are known to both the users
and the receiver. The i*" user employs a nonlinear encoding function Fg,, parameterised by ©;,
to map its image into a complex-valued latent vector z; = Fg.(x;,h, o) € C*. A single nonlinear
decoding function Dg, parameterised by ®, jointly decodes all user images from the superposed

channel output:

{&1 xnr—%(y,h,a)- (6.2)

Joint decoding enables the decoder to exploit the joint distribution of all user signals and can,
in principle, achieve the full MAC capacity region [70]. Together with superposition coding with
SIC and time-sharing, and rate-splitting [79], joint decoding is one of the capacity-achieving
strategies for the MAC. Our neural network implementation provides a practical approximation

to this theoretically optimal scheme.

For fair comparison among methods with different numbers of users, we define the per-user
bandwidth ratio as p £ p/n and the per-user average power constraint as Pavg = Piyg/n.
Throughout this work, we use P,y = 1 for all methods to make the TDMA-based DeepJSCC

baseline comparable with prior work [2, [32].

The goal is to maximise the average PSNR (defined in Section [2.7.1)) on an unseen target dataset.
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Figure 6.4: User-specific projection layer and decoder architecture of the introduced method.

We additionally evaluate using SSIM, MS-SSIM, and LPIPS, all defined in Section

6.3 Methodology

Designing a multi-user JSCC system involves several interrelated architectural choices. First,

joint decoding, where a single decoder processes the superposed channel output, can exploit

inter-user correlations and, in principle, achieve the full MAC capacity region, but at a higher

computational cost than sequential approaches such as SIC. Second, full parameter sharing across

users is efficient but makes it difficult for the decoder to distinguish individual transmissions;

conversely, separate per-user networks scale poorly with the number of users. Third, interference

must be managed in a structured way so that the network can learn to exploit, rather than

merely suppress, the superposition of signals. Finally, the system should support a variable

number of users without retraining from scratch.
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These considerations motivate our multi-view autoencoder design, DeepJSCC-PNOMA, which
combines a shared encoder—decoder backbone with lightweight, learnable user-specific projection
matrices for structured user differentiation, and a progressive fine-tuning procedure that doubles
the user count at each stage while preserving training stability. The remainder of this section

details each component.

6.3.1 Point-to-Point DeepJSCC Architecture

We build upon the common DeepJSCC autoencoder backbone described in Section based
on the encoder and decoder designs from [32]. In point-to-point DeepJSCC, the transmitter
encodes the input as z = Fg(x,h,0), then flattens and power-normalizes it as described in
Section to satisfy the constraint in Eq. . The receiver decodes the noisy channel

output y using x = Dg (y, h,0).

Remark 1 (Extensibility). The encoder and decoder architectures are interchangeable with other
autoencoders. Our components directly utilize the encoder and decoder without modifications or

constraints, allowing for flexible adoption of new architectures and performance improvements.

6.3.2 Parameter Sharing Between Users via User-Specific Projections

We extend the point-to-point architecture to a multi-user setting over a MAC by introducing a
novel superposition coding technique that improves scalability and performance of multi-user
neural networks. Figure summarizes our method, named DeepJSCC-PNOMA. We assume
that no communication occurs between users during the transmission phase. Figures [0.3] and
illustrate the encoder and decoder architectures for our multi-user DeepJSCC, respectively. This
architecture is flexible and can be substituted with any other encoder and decoder architecture,

as mentioned in Remark [l

Multi-user JSCC requires managing interference while maintaining scalability. Traditional
approaches use either separate networks per user (leading to 6300% parameter overhead for

64 users) or simple parameter sharing (poor user differentiation). Our multi-view autoencoder
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" enabling structured interference management through

treats each user as a distinct "view,'
learnable projections with shared backbones, requiring only 2.4% parameter overhead for 64

users at p = 1/12 and 9.4% at p = 1/6.

Many distributed compression and multi-user DeepJSCC systems, such as those described in
[65, 21, 2] 1T, [72) [73], B9], use distinct encoders and decoders for each user. A practical system,
however, should employ parameter sharing to enhance efficiency and scalability. However,
challenges arise when all users employ the same mapping function, as users create direct

interference and the model struggles to differentiate between users’ data.

Our multi-view framework treats each user as a distinct "view": shared encoder and decoder
parameters capture common patterns, learnable user-specific projections P; create structured
separation, joint decoding processes combined signals, and orthogonal initialization ensures

training stability.

We introduce a novel superposition coding method with user-specific projections, which allows
the network to scale to multiple users without significantly increasing the number of parameters
and without changing the DeepJSCC architecture that is known to perform well. The encoders
at the users share all their parameters, excluding the user-specific projection layer, i.e., @, =
-+ =0, = 0. At every user i € [n], we have a complex-valued projection matrix P € C"™*"™,
where m is the number of filters of the last convolutional layer of the encoder network. Similarly,
at the receiver, we have a complex-valued projection matrix P’ € C"*™ for every image to
be decoded, i.e., i € [n]. We initialize P; and P}, Vi € [n], in a way that all of their rows are
orthogonal, via QR factorization as detailed in Algorithm [§] We jointly optimize projection

matrices along with the other parameters of the network throughout the training.

Remark 2 (CDMA Analogy). These matrices can be considered as the spreading codes in a
CDMA system. The list of possible projection matrices can be agreed upon a priori, and these
matrices can be shared across all the terminals. Then, at each instance, the active users can be

assigned one of these matrices by the receiver, e.q., base station.

Unlike traditional CDMA spreading codes (<1KB per user) [9], our approach requires projection
matrices P; € C™*™™ and P, € C">*™ ( 32MB per user for m = 256, n = 64). This overhead
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enables end-to-end optimization and superior interference management, with matrices distributed

once during deployment.

Data processing begins with the encoder DNN, which converts an image into a real-valued tensor
of shape RW'*H'x2m where W’ and H' are the downsampled dimensions. These tensors are then
mapped to complex numbers by pairing consecutive real values, resulting in CV'*H'*™_ Each
user subsequently applies a user-specific projection by multiplying with P;, resulting in z;P;,
where z; is the encoder output. The output is flattened and undergoes power normalization as
described in Section to satisfy the constraint in Eq. . Finally, each user i € [n] sends

its signal over the channel.

The receiver obtains superposed signals along with multiplicative and additive noise. The
receiver first reshapes the matrix to image form of shape W xH lxm, and then multiplies the
reshaped tensor with P;, ie., yP;7 which is then given as an input to the decoder DNN to obtain
Dg(yP;). This projection and decoding step is repeated for every user i € [n]. This enables
parameter sharing while distinguishing user inputs/outputs, improving training and scalability.
The multi-view design provides computational efficiency, progressive training compatibility,

variable user support, and joint optimization benefits.

Remark 3 (Scalability). The overall number of network parameters is bounded by
O]+ @] +n%p*).

where |@| and |®| denote the sizes of the shared encoder and decoder, respectively, and the term
n?p? accounts for the user-specific projection matrices. Since the dominant contribution comes
from the shared parameters |®| + |®|, the architecture remains scalable even as the number of

users n grows large.

Remark 4 (Shape Adaptivity). The network can process input images with arbitrary width W

and height H since only the filter dimension is affected by the projection.

Remark 5 (Parallelization). The receiver can decode images from different users in parallel

because the decoders are identical, and the projections are independent, requiring no communication.
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The recetver only needs to assign a particular index to each user so that they know which projection

matrix to use. This can be done during the user admission process.

6.3.3 Training Procedure and Construction of Training Samples

We jointly train the whole network with parameters @, ®,P;, P}, Vi € [n], using the training
data samples Dyain via the loss function £ = >, x.) >y MSE (x;,%;), where MSE(x, %) £
Lx - /|2 and m is the total number of elementespitrrlai;(, which is given by m = C;,,WH. Notice
that minimizing £ also maximizes PSNR over the training set. We note that the introduced
method is unsupervised as it does not rely on any costly human labeling, and raw images and the

channel model are enough to train our method. Algorithm [5| shows the training and fine-tuning

procedures of DeepJSCC-PNOMA.

During training, our neural network takes multiple image instances xi,...,X, as input and
decodes these images as X1, .. ., X,. Therefore, our task aligns well with the MTL framework [115]
(see Section , as reconstructing the image of each user can be viewed as a distinct yet closely
related task. One common method in MTL is to share parameters to model commonalities
between tasks. In our problem, since the task of image transmission for all encoders is exactly
equivalent, we naturally share parameters among the encoders. However, the receiver also needs
to distinguish between the images transmitted by different encoders and associate each decoded
image to its transmitter during the decoding phase. This is why we employ a user-specific
projection layer, which is described in Section . The projection matrices P; and P}, Vi € [n],
are optimized jointly with the rest of the network during training and remain constant during
test time. This simple method allows the use of a standard single-user DeepJSCC architecture,
spreading its output over the available bandwidth while obeying the average power constraint

and enabling the decoder to differentiate between the transmitters of different images.

We now define the training tuples in Di..i, to compute the loss function £. Since we are training
the network on (x1,Xa,...,X,) tuples, there are N™ possible combinations for a given training
dataset with N samples, i.e., |Dyain| = V. However, it is generally infeasible to use all of these

combinations since the number of training instances grows exponentially with N. Moreover, our
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Algorithm 5: Training and Fine-tuning of DeepJSCC-PNOMA

Construct Dipain and Dy, for n users > See Section|6.3.5
Initialize ® and ® randomly for n = 1 or from previous values for n > 1 > See Section[0-5.]]
Initialize P; and P}, Vi € [n], as I for n = 1 or orthogonally for n > 1 See Section[0.5.]
repeat > Iterate through epochs
Shuffle Diyaiy and set L=¢ =10

for all (x1,...) € Dyain do

for i € [n] do > Device with index 1
7 = Fo(x;, hi,0) > Encoding
z; = Flatten(z,P; ) > User-specific projection
Z; = \/Wzi > Power normalization
> Transmission of latents over a MAC <

Calculate o via Eq. for SNR ~ Uniform [0, 20]
Sample n ~ CN (0, 021})

if channel is Gaussian then

else if channel is Rayleigh then

 Sample h; ~ CN(0,1), Vi € [n]

y=> 1 ,hiz +n > Recewed signal
for i € [n] do
L y; = Reshape(P.y) > User-specific projection
x; = D¢ (yi, hi,0) > Decoding
L=L+> " MSE(x;x%;)
t=t+1
if ¢t mod batch size = 0 then
> Standard mini-batch training <

Update ©,®, P;, P}, Vi € [n] by backpropagation
N Reset £ and gradients to zero

Compute validation PSNR using Dy

until validation PSNR improves less than A for e epochs

experimental results suggest that distributing random samples from a shuffled training batch
to different users may cause over-regularization and lead to underfitting. Consistently using
the same sample combinations from a finite list of tuples across different epochs improved the

outcomes.

Therefore, we subsample 7' < N™ tuples from all possible combinations [120]. To generate T’
tuples, we sample nT integers from [N] and group every n consecutive samples. We use the
same tuples in Dy.,i, after shuffling to minimize £. We also construct validation tuples Dy, by
splitting the initial validation data among n users and use the same validation tuples after every

epoch. Algorithms [0] and [7] outlines the method used to construct the training and evaluation
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samples, respectively.

Algorithm 6: Construction of training samples

1: > Inputs: number of tuples T, size of training data N = |Dipain|, number of users n <

2: > Generate a vector of random permutation of n'T'" indices N

3: t = RandomPermutation ([1, 2,... ,nT]T>

4: > Match them to the training data size N

5.t =t mod n

6: > Assign indices to users by reshaping <

7. T = Reshape (t, (T, n))

8: > T can now be used as indices of the samples for training, where first dimension is shuffled
at every epoch <

Algorithm 7: Construction of evaluation (validation and test) samples

1: > Inputs: number of users n, size of evaluation data M (either the cardinality of validation
data |Dya| or the cardinality of test data |Diegt|) <

2: > Generate a vector of random permutation of M indices N

3: t = RandomPermutation ([1, 2,... ,M]T>

4: > Assign indices to users by reshaping N

5: T = Reshape (t, (%,n))

6: > T can now be used as indices of the samples for evaluation N

6.3.4 Progressive Fine-Tuning Method for Doubling the Number of

Users

It is known that high noise in the data, gradients or weights adversely affect the training of
DNNs. In a MAC, we not only deal with additive and multiplicative noise effects but also

interference from other users since signals are superposed.

When P; and P}, Vi € [n], are initialized randomly, signals of different devices interfere with
each other, and the amount of interference increases with the number of users. We address
this problem via a novel progressive fine-tuning method by gradually doubling the number of
users while sustaining the performance of fine-tuned network in the beginning of training via

orthogonal initialization of projection matrices.

Figure [6.5] illustrates our progressive fine-tuning methodology, which enables stable scaling from
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Algorithm 8: Progressive fine-tuning for doubling the number of users in DeepJSCC-PNOMA

Initialize ® and ® randomly for a given p

k=3WHp=3WHp > k: available bandwidth for TDMA case (n = 1) given p.
m = W}]; e = 5’;274"6 = 3p4° > m: # of transmitted filters
P, =P, =1,

> Initial Training N
Train © and ® using Algorithm

P/l,old = P/l

P =Py

for all n € (21,2223 ...) do

> Generate orthogonal matriz Q N
Sample M ~ N (Onm, %Inm)

Q, R = QRFactorization (M)

> Make Q uniform according to the procedure in [122] <
d = Sign (Diagonal (R))

{Ej =d-Q > K, K, € Camxmm
for all i € (1,2,...,7/2) do

> Copy and orthogonalize projection matrices of first half of devices <
P, = P, K,

Pz‘ = K{{Pi,old

> Copy and orthogonalize projection matrices of second half of devices N
P/i+n/z = Pi,oldI/{2

- Phe= Kgpi,old

> Fine-tuning step <
Fine-tune ®, ®, P and P;, Vi € [n] using Algorithm

> Copy projection matrices for the next step <
for all i € [n| do

L Pi,old =P;

’ /

P;oa = P;
Export DeepJSCC-PNOMA with n users: Eg, Dg, ©, ®, P; and P;, Vi € [n]

single-user to multi-user configurations. The detailed algorithmic procedure is presented in

Algorithm

We first start with training a standard point-to-point DeepJSCC (or DeepJSCC-TDMA), i.e.,
DeepJSCC-PNOMA when n = 1 and P; = I,,,, where m is the number of filters in the transmitted
signal that is processed by CNNs. Given a trained or fine-tuned network for /2 users, i.e. @, ®
and P;, P}, Vi € [7/2], we now describe how we extend it to n users as follows. We first create a new
encoder F and decoder D for each user using the previous parameters ® and ® with parameter

/

sharing, respectively. We then copy the previous projections to P;,q = P; and P;,old =P

79
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Vi € [7/2]. Then, we duplicate all these projection matrices so that P; = Pnsy; = Pjqq and

/

n/2+4

/

P,=P = P, o0 We then generate a uniformly distributed orthonormal matrix by sampling

an nm X nm Gaussian matrix M ~ N (0, %Inm) and computing its QR factorization, M = QR.

To remove the sign (or phase) ambiguity in the QR decomposition, we post-multiply Q by a

diagonal matrix with entries [152]

d = Sign (Diagonal(R))a

and partition the adjusted matrix as

where K, K, € Czmxmm,

We multiply P;, Vi € [7/2], with K; and multiply P;, Vi € [7/2 + 1, n], with K,. We also multiply
P;, Vi € [7/2], with K and multiply P;, Vi € [?/2 4 1,n], with K. Notice that it is enough to
optimize P; and P; instead of their factors due to the linearity property of matrix multiplication,

allowing efficiency in optimization.

At this stage, it is crucial to note that the power of the encoded signal remains unchanged after
applying the projection matrices. In other words, for each i € {1,...,n}, the encoded signal z;

satisfies

1211 = [12:Ps]]5-

This property follows from the fact that each projection matrix P; is unitary (i.e., PAP; = I);

specifically, since ||z;||3 = z/z; and

12: P33 = (2:P:)" (2.P;) = 2] (P/'Py)z; = 2]z,

(2

the power is preserved.

Moreover, due to the orthogonality of the new projection matrices K; and Ky (i.e., K K& = 0),
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the normalized signals corresponding to different user groups are guaranteed to be orthogonal
at this stage before any optimization. In particular, for a user ¢ (using K;) and a user j (using
K3), the inner product of their normalized signals is

z; - zH = ziPiK, szjKQ =0,

J - ' ~
\/ 7 l12:P K2 1z, P K,

which follows immediately from K; K = 0.

Due to the design of the user-specific projection matrices in DeepJSCC-PNOMA, which preserve
the power of each encoded signal and enforce mutual orthogonality among signals, the system
with n users initially behaves as if it were time-sharing among 7 users under fixed per-user
average power P, and per-user bandwidth ratio p. In this configuration, each user’s signal
retains its original power and remains free from interference, enabling independent decoding.
Consequently, the network can begin fine-tuning without any performance degradation from

inter-user interference.

By gradually increasing the system complexity while maintaining stability and efficiency,
this progressive training approach serves as an effective curriculum for multi-user learning.
The encoder—decoder pair is guaranteed to learn a robust feature representation without any
interference from other users when they begin with a single-user DeepJSCC baseline. In order
to guarantee that each user initially occupies a unique and interference-free subspace in the
transmission domain, previously learned projections are replicated and orthogonalized using
QR-based transformations when the number of users doubles. The power of every encoded
signal stays constant throughout all stages due to the unitary nature of the projection matrices.
By fine-tuning at every stage of expansion, the network can seamlessly adjust to the new user
configuration and gradually learn to handle lingering interference and user correlation. As a
result, the model converges faster, avoids instability associated with joint multi-user initialization,

and achieves improved generalization through structured and incremental adaptation.

The next step is to fine-tune the model using the same training procedure described in

Section [6.3.3]
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6.4 Numerical Results

6.4.1 Datasets

Dataset Overview: Our experimental evaluation employs four diverse datasets to comprehensively
assess the performance and generalizability of DeepJSCC-PNOMA across different image
characteristics, resolutions, and application domains. This multi-dataset approach ensures
robust validation of our method’s effectiveness across varied visual content types and complexity

levels.

We use the CIFAR10 dataset [156] for training and testing. CIFAR10 consists of 50 000 training
images and 10000 test images, each of dimensions 3 x 32 x 32. We further split the training
set into 45000 training instances and 5000 validation instances. In addition, we employ the
Tinylmagenet dataset, which contains 100 000 training instances, 10 000 validation instances,
and 10000 test instances, all with the shape 3 x 64 x 64. For evaluating correlated sources, we
use the Cityscapes dataset [134], which comprises 5000 stereo image pairs. Specifically, 2975
pairs are allocated for training, while 500 and 1525 pairs are used for validation and testing,
respectively. Following [2], each image in the Cityscapes dataset is downsampled to 128 x 256.
Finally, to assess generalization performance and enable qualitative comparisons, we employ the
Kodak dataset, which consists of 24 images of dimensions 3 x 512 x 768. Given its limited size,

the Kodak dataset is reserved exclusively for testing.

Dataset Licenses: All these datasets are publicly accessible under permissible licenses. We
use CIFAR10 dataset by following the MIT License; Tinylmagenet by following the MIT license
since it is a subset of Imagenet; Cityscapes by following specific license agreement on its website
(https://www.cityscapes-dataset.com/license/)) that is permissive and publicly available

for academic purposes; and Kodak by following GNU GPLv3 license.

Dataset Sources: We use CIFAR10 downloaded by Torchvision; Tinylmagenet dataset
downloaded from https://github.com/rmccorm4/Tiny-Imagenet-200; Cityscapes dataset

downloaded from https://www.cityscapes-dataset.com/; Kodak dataset downloaded from


https://www.cityscapes-dataset.com/license/
https://github.com/rmccorm4/Tiny-Imagenet-200
https://www.cityscapes-dataset.com/
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Table 6.1: Employed hyperparameters for fair comparison between scenarios with different
number of users

p Pwg o® Method
DeepJSCC-TDMA

P Pavg
1/6 1

1/6 1
2/6  1/2
4/6  1/4
8/6 1/8
16/6 1/16

n
1
1
2
4
8
6
Perfect SIC (2 users) 1 2/6  1/2
Perfect SIC (16 users) 1 16/6 1/16
1
1
2
4
8
6
1
1

1/6 1 1 poepISCC-PNOMA

DeepJSCC-TDMA 1/12 1

1/12 1
2/12  1/2
4/12 1/4
8/12 1/8
16/12 1/16

2/12  1/2
16/12 1/16

1121 1 peepISCC-PNOMA

1

Perfect SIC (2 users)
Perfect SIC (16 users)

https://huggingface.co/datasets/Freed-Wu/kodak.

Data Preprocessing: All datasets undergo consistent preprocessing: normalization to [0,1]
range, random horizontal flips during training (except Kodak), and appropriate resizing when
necessary. No additional augmentation techniques are applied to maintain fair comparison
with baseline methods and preserve the original image characteristics essential for transmission

quality evaluation.

Train/Validation/Test Splits: For CIFAR-10 and TinylmageNet, we use standard splits
provided by the datasets. For Cityscapes, we utilize the official train/validation split for
correlated experiments. For Kodak, given its small size, we use all 24 images for evaluation

purposes in fairness analysis, consistent with established image compression evaluation protocols.


https://huggingface.co/datasets/Freed-Wu/kodak
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6.4.2 Implementation Details

We conducted all experiments using the PyTorch framework [129]. We use the same hyperparameters
and the same architecture for all the methods. Following previous works for point-to-point
DeepJSCC [2, 32], we use learning rate 1 x 107, set the number of filters in the middle CNN
layers to 256 and batch size to 32. We use Adam optimizer to minimize the loss [130]. We
continue training until no more than A = le — 3 improvement is achieved for consecutive
e = 10 epochs. During training and validation, we run the model using different SNR values
for each instance, uniformly chosen from [0,20] dB. We test and report the results for each
SNR value using the same model. For the proposed method, we use the training data with
3N randomly sampled pairs, where elements are chosen among the same training set with N
instances, instead of N™ pairs for both CIFAR10 and Tinylmagenet datasets, using the method
described in Section [6.3.3L We shuffle the training pairs or instances randomly before each
epoch. We conduct all our deep learning experiments by training models with the distributed
data parallel method on an internal cluster setup, featuring 2 x NVIDIA RTX A6000 GPUs,
each with 48GB of GPU memory, and an Intel(R) Core(TM) i9-10980XE CPU. The same Intel
i9-10980XE CPU is also utilized for data compression with the BPG method.

Remark 6 (Comparing Methods with Different Number of Users). We want to compare
scenarios with different number of users fairly. Hence, we fix the per-user bandwidth ratio, p.
This would mean that if we increase the number of users and apply TDMA, we would still have
the same bandwidth ratio for each tmage. In order to normalize also the available power, we fix

the per-user average power constraint, defined as Phyy = Pava/n.

Table shows the model hyperparameters used in the experiments for fairness when comparing
methods with different numbers of users. DeepJSCC-PNOMA method corresponds to different
settings under different hyperparameters as shown in Table [6.1] e.g., it can simulate Perfect SIC

and DeepJSCC-TDMA under specific hyperparameters.
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6.4.3 Comparison with Point-to-Point and NOMA-Based Schemes

We employ CIFAR10 and Tinylmagenet datasets for comparison, which are described in
Section [6.4.1] As benchmark digital coding schemes for comparison, we employ BPG [153] and
a variety of neural image compression codecs [35], [154], 155] in conjunction with 5G LDPC codes
for channel encoding. After experimenting with different coding rates and QAM schemes using
5G LDPC codes with a blocklength of 6144 bits, we chose the optimal configuration. A natural
extension of DeepJSCC to multi-user case is via time-division, named DeepJSCC-TDMA, where
all the users share the same DeepJSCC encoder and decoder, and each user is only active during

its own time slot. We report mean PSNRs and standard deviations wherever possible.

Figure shows the superiority of our method for n = 16 compared to the separation-based
methods (consisting of BPG or neural codecs combined with LDPC) and to DeepJSCC-TDMA.
Our method achieves significantly better reconstruction performance in terms of PSNR for all
the SNR values. Moreover, experiments over a Rayleigh fading channel yield results that are in
line with those obtained under the AWGN channel, further demonstrating the robustness of our
approach under different channel conditions. This observation also holds true for the MS-SSIM
and LPIPS metrics (defined in Section [2.7)), as demonstrated in Section Section
further examines the fairness of DeepJSCC-PNOMA among users by evaluating the consistency

of their reconstruction quality.

Figure shows the comparison with DeepJSCC-NOMA [19], its curriculum learning extension
DeepJSCC-NOMA-CL [19], and a genie-aided model based on Perfect SIC [19]. DeepJSCC-NOMA
uses NOMA with a shared Siamese encoder and device embeddings for JSCC, enabling
simultaneous image transmission and reconstruction. Its variant, DeepJSCC-NOMA-CL,
first trains on non-interfering signals then fine-tunes on superposed transmissions to boost
robustness and quality. Perfect SIC assumption-based model assumes no interference between
users and is decoded only with channel noise and fading. DeepJSCC-PNOMA outperforms
DeepJSCC-NOMA and DeepJSCC-NOMA-CL over all SNR values. DeepJSCC-PNOMA
surprisingly outperforms even the Perfect SIC method when SNR < 5 dB for p = 1/6 and

SNR < 3 dB for p = 1/12; implying that orthogonal initialization, training sample subsampling
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and progressive fine-tuning-based training components are highly effective. We also note that
Perfect SIC is an unrealistic assumption since signals naturally interfere with each other in
real-world, and particularly in the case of DeepJSCC, it is impossible to decode and cancel

interference completely.

6.4.4 Correlated Inputs

Figure [6.8] presents a comparative analysis between DeepJSCC-PNOMA and DeepJSCC-TDMA
on the Cityscapes dataset in terms of the average PSNR. The results demonstrate that
DeepJSCC-PNOMA consistently outperforms DeepJSCC-TDMA across all evaluated metrics,
SNRs, and bandwidth ratios. This superior performance indicates the efficacy of our method in
leveraging common information between correlated images. By incorporating this correlated
information, DeepJSCC-PNOMA is able to more efficiently utilize the available bandwidth,
leading to enhanced image reconstruction quality under varying SNRs. This observation
also holds true for the MS-SSIM [128] and LPIPS [57] metrics (defined in Section [2.7)), as

demonstrated in Section [6.4.15l

6.4.5 Number of Users

Next, we evaluate our method on CIFAR10 and Tinylmagenet datasets for varying numbers of
users, n. This comparison remains fair by maintaining equal total power and total bandwidth,
as described in Remark [0 Figure illustrates the effect of increasing the number of users
on DeepJSCC-PNOMA. As the number of users grows, the system’s performance generally
improves due to the potential for more concurrent transmissions. However, this improvement
shows diminishing returns, where the incremental gain per additional user decreases. This
phenomenon is attributed to increased interference with more users. Consequently, while adding
users can initially boost the system performance, the rate of improvement gradually declines as
the network nears its operational limits, consistent with the information-theoretic capacity of

the MAC with respect to n.
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Table 6.2: Number of trainable model parameters

Method # Users p=1/6 p=1/12
DeepJSCC-TDMA All 22200211 22149011
1 22200211 22149011

2 22202259 22149523

DeepJSCC-PNOMA (Ours) 4 22208403 22151059
8 22232979 22157203

16 22331283 22181779

32 22724499 22280083

64 24297363 22673299

DeepJSCC-NOMA (-CL) [19] 2 22382846 22260478
122200211 22149011

2 44402470 44298534

Separate encoders & decoders 4 88809036 88598092
8 177634456 177200280

16 355334448 354416944

Perfoct SIC 2 22322579 22200211
16 26699667 23615891

6.4.6 Model Complexity

Table[6.2] compares the number of trainable parameters for DeepJSCC-TDMA, DeepJSCC-PNOMA,
DeepJSCC-NOMA (-CL) [19], DeepJSCC-PNOMA without parameter sharing, and the Perfect
SIC model over an AWGN MAC.

DeepJSCC-PNOMA with n = 1 matches DeepJSCC-TDMA in parameters. For n = 2,
DeepJSCC-PNOMA has fewer parameters than DeepJSCC-NOMA and DeepJSCC-NOMA-CL
while performing better. Note that DeepJSCC-NOMA (-CL) values are based on CIFAR10, and
the parameter counts increase with the resolution of the inputs. DeepJSCC-PNOMA scales to
n = 16 users with only 0.6% increase in the number of trainable parameters when p = 1/6 and
0.1% increase when p = 1/12, and further scales to n = 64 users with 9.4% increase when p = /6

and 2.4% increase when p = 1/12. As shown in Remark , the number of extra parameters

compared to the n =1 is O (n?p?).

Practical implementation challenges such as real-time processing, channel estimation, and

mobility are common to all machine learning-based communication systems and are beyond the
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scope of this work, which focuses on the core algorithmic contributions of DeepJSCC-PNOMA.
Nonetheless, our experiments demonstrate efficient inference with millisecond-level latency,
scalable memory usage, and robust performance across diverse channel conditions. Technical

specifications and computational efficiency metrics are detailed in the appendix.

Additionally, the network maintains high reconstruction quality while lowering training and
inference costs thanks to the progressive expansion and fine-tuning strategy, which reuses
previously trained components. The framework is appropriate for deployment in sizable, dynamic
communication systems because it demonstrates a well-managed trade-off where incremental

complexity permits scalable multi-user performance without sacrificing computational efficiency.

6.4.7 Ablation Study of Introduced Components

Figure demonstrates the improvements resulting from various components on the validation
split of the CIFAR10 dataset to prevent leakage from the test split. The first two plots in Fig.
clearly show that increasing the number of training pairs enhances the model’s performance when
fine-tuning from n = 1 to n = 2, albeit with longer training times. The last two plots illustrate
the benefits of progressive fine-tuning-based training, orthogonal initialization of user-specific
projections, and parameter sharing. Parameter sharing not only boosts performance but also
reduces training time. Without progressive fine-tuning, we observe only marginal gains between
n = 2 and n = 16. However, progressive fine-tuning provides a more stable method for increasing
the number of users. Orthogonal initialization is the most effective component of our method, as
it ensures that performance does not degrade due to randomness at the start of each fine-tuning

step.

6.4.8 Orthogonality Analysis

We examine the orthogonality of encoding filters, which reflect geometric signal separation in

DeepJSCC-PNOMA systems. For each user u € [n], we define m encoding filters {ez(“) m

=1
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reshaped into vectors in R?. The angle between any two filters is calculated as:

(w) _(v)
e e,
0;; = arccos (%) )
le;  [llle; |l

Figure shows filter orthogonality for models trained on independent (CIFAR-10) and
correlated (Cityscapes) images using two Kodak images transmitted over an AWGN channel
at 3dB. Kernel density estimations (KDEs) indicate angles mostly around 90°, with the
model trained on Cityscapes dataset displaying greater angular variability, reflecting reduced
orthogonality due to shared information between correlated sources. Heatmaps in the third
and fourth panels highlight a clear block-diagonal structure distinguishing intra-user from
inter-user relationships, resulting from progressive fine-tuning that initially enforces orthogonality.
Thus, source correlation critically influences filter orthogonality: independent sources foster
near-orthogonality, although perfect orthogonality is not achieved, while correlated sources

encourage information sharing by further reducing orthogonal separation.

6.4.9 Qualitative Comparison of Reconstructed Outputs and Superposed

Signals

Figure compares the reconstructed images using different coding approaches, where
DeepJSCC-PNOMA demonstrates notable visual improvement over other methods, validating
the quantitative results presented in Section [6.4.3] Figure visualizes the superposed filters
while transmitting the images in Fig. for the two-user case in both DeepJSCC-PNOMA and
DeepJSCC-TDMA. In DeepJSCC-TDMA, one user transmits while the other remains silent;
DeepJSCC-PNOMA, in contrast, allows both users to transmit simultaneously, making both

images discernible from the superposed filters.
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Table 6.3: Scalability analysis: Performance comparison on CIFAR-10 under AWGN channel for
different bandwidth ratios. Values shown as PSNR (dB). Bold values indicate best performance
within each bandwidth ratio group.

SNR (dB)

Bandwidth Users 0 3 7 10
Ratio

n=16 2596 28.37 31.28 33.27
p=1/6 n=32 2603 2842 3133 33.32
n=64 26.05 28.46 31.34 33.29

n=16 23.04 2507 2749 29.03
p=1/12 n=232 2318 2518 27.57 29.08
n=64 23.20 25.19 2753 28.98

6.4.10 Analysis of Losses

Figure [6.14] illustrates the validation losses throughout the training process for bandwidth ratios
p = 16 and p = 1/12. In both plots, the DeepJSCC-PNOMA model employing progressive
fine-tuning exhibits a notably higher initial loss and converges to a higher final loss for both
n = 2 and n = 16. This discrepancy is particularly pronounced at p = /6. Similarly, the absence
of orthogonal initialization results in elevated initial and final losses, potentially due to the model
being trapped in a local optimum, likely caused by the interference from other users. These
differences can probably be attributed to the random weights leading to increased interference
from other users during the fine-tuning process. As observed with DeepJSCC-TDMA (equivalent
to DeepJSCC-PNOMA with n = 1), DeepJSCC-PNOMA with n = 2, and DeepJSCC-PNOMA
with n = 16, the final loss value decreases as the number of users n increases, aligning with the

expected capacity gains of MACs with more users.

6.4.11 Scalability to Higher User Counts

To further validate the scalability and generalizability of our approach, we extend our experiments
to systems with 32 and 64 users. Table presents a comprehensive performance comparison
across different user counts (16, 32, and 64) under AWGN channel conditions for both p =1/6

and p = 1/12 power constraints.
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The results demonstrate that DeepJSCC-PNOMA maintains consistent performance as the
number of users scales from 16 to 64, with marginal improvements in PSNR and LPIPS metrics.
Notably, the system shows stable performance across all SNR levels tested (0, 3, 7, and 10 dB),
indicating robust scalability. For p = 1/6, PSNR improvements range from 0.07-0.09 dB when
scaling from 16 to 64 users, while for p = 1/12, improvements range from 0.16-0.19 dB. The

LPIPS metric shows similar stability with minimal variations across different user counts.

These results confirm that our progressive fine-tuning approach and orthogonal initialization
strategy effectively handle the increased interference and complexity associated with larger user

populations, making the proposed method viable for large-scale deployments.

Beyond image transmission, a variety of network architectures and dynamic scenarios can
benefit from the core concepts of our work, including mobile and vehicular communications in
5G/6G systems, [oT sensor networks with time-varying device populations, and drone swarm
coordination with rapidly changing topologies. The progressive user expansion and orthogonal
projection design allow adaptive scaling as users join or leave the network, while the fine-tuning
mechanisms could enable lightweight online updates under time-varying channels or user mobility.
Although exploring such real-time adaptations lies beyond the current scope, the proposed
framework provides a strong foundation for scalable and low-latency deep joint source—channel

coding in next-generation communication networks.

6.4.12 Technical Specifications and Computational Efficiency

During evaluation, the model processes inference efficiently with millisecond-level latency for
reconstruction across all user counts tested. The progressive fine-tuning strategy contributes to
training stability while maintaining reasonable computational overhead compared to training

from scratch for each user configuration.

Memory usage remains manageable even for larger user counts due to the shared encoder—decoder
architecture and the parameter sharing mechanism described in Section The system’s ability

to scale from 1 to 64 users while maintaining consistent performance demonstrates the practical
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Table 6.4: Training durations and number of epochs passed before early stopping. Duration
format is hours:minutes:seconds.

Training Duration Number of Epochs

Method p=Ye p=Yi2 p=1Ys p=112

DeepJSCC-PNOMA (n =1) 1:04:38  1:50:16 54 80
DeepJSCC-PNOMA (n = 2) 4:42:27  2:09:58 86 40
DeepJSCC-PNOMA (n = 4) 3:49:57  2:34:43 42 28
DeepJSCC-PNOMA (n = 8) 10:41:58  7:14:31 31 21
DeepJSCC-PNOMA (n = 16) 20:24:06  3:40:45 33 11
DeepJSCC-PNOMA (n = 2) 4:42:27  2:09:58 86 40
DeepJSCC-PNOMA w/o progressive fine-tuning (n = 2) 8:12:00 7:22:08 86 56
DeepJSCC-PNOMA w/o orthogonal initialization (n =2)  8:09:30  5:55:50 86 40
DeepJSCC-PNOMA w /o parameter sharing (n = 2) 5:43:02  T7:58:39 86 59

viability of the proposed approach for real-world multi-user communication scenarios.

Runtime and Memory Discussion

We present the training durations, conducted in a shared, non-optimal environment with multiple

processes and an uneven workload.

Training Durations: Table [6.4] presents the training durations and the number of epochs
completed before early stopping for a subset of the trained models. CIFAR10 training durations
range from 2 to 20 hours. TinylmageNet training durations range from 5 to 80 hours. Cityscapes
training durations range from 45 to 160 minutes. Training durations mainly depend on the
number of tuples T, per-user bandwidth p, training dataset size Diyain, and the number of users
n. The table highlights the effectiveness of techniques such as progressive fine-tuning, orthogonal
initialization, and parameter sharing in accelerating the training process. As the number of
users increases, these techniques become even more critical, facilitating faster model convergence
in terms of epochs and reducing the computational burden associated with training. This not
only enhances the performance of the DeepJSCC-PNOMA model but also ensures its efficiency
and scalability across diverse multi-user communication environments. However, the increase in
training duration with a higher number of users underscores the need for further computational
optimizations, such as quantization and model pruning. Additionally, it is important to note

that some training durations vary significantly due to the uneven workload on the servers during
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the training process.

Evaluation Durations: All evaluations at a given SNR are completed in under one minute,

with minimal variation, primarily influenced by the size of the validation and test datasets.

Memory: For evaluations, all experiments require less than 3 GB of GPU memory. For CIFAR10
training, approximately 1.5n GB of GPU memory is utilized per GPU. For TinylmageNet
training, around 2.4 GB of GPU memory is used per GPU. For Cityscapes training, 12 GB of

GPU memory is used for n = 1, and 32 GB of GPU memory is used for n = 2.

Software Requirements

The code to reproduce experiments requires the following software dependencies: Python 3.9.0 or
higher, PyTorch (torch) version 2.1.0 or higher, Torchvision version 0.16.0 or higher, Lightning
version 2.0.6, and Torchmetrics version 1.3.1. PyTorch provides a platform for building and
training neural networks, Torchvision offers datasets and model architectures for computer vision,
Lightning standardizes high-performance deep learning research, and Torchmetrics supplies
performance metrics for model evaluation. Once Python and PyTorch are installed manually,
all the necessary dependencies can be installed by running pip install —r requirements.txt in

the main directory.

6.4.13 Analysis of Fairness

In this subsection, we analyze the fairness of DeepJSCC-PNOMA, ensuring that all users obtain
comparable image reconstruction quality even under varying channel conditions—a critical
attribute in multi-user communication systems. We formally define the fairness objective as

follows:

Definition 1 (Fairness Objective). Let PSNR; denote the average PSNR for useri. The system
is considered fair if the differences |PSNR; — PSNR;| are negligible for all i,j € [n].
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To evaluate this metric, we conducted experiments on the Kodak dataset using a DeepJSCC-PNOMA
model with n = 4 users for the first plot and n = 2 users for the second plot, both trained
on CIFAR10 dataset on AWGN channel. All plots in Fig. are derived from experiments
on the Kodak dataset. Figure shows the fairness analysis for the DeepJSCC-PNOMA
method. The first plot presents the PSNR values for two users transmitting the same image
under a fixed channel condition (SNR = 0 dB); the nearly identical PSNR values confirm
that the system maintains fairness even under challenging noise conditions. The second plot,
which displays PSNR performance across a range of SNR values, further demonstrates that
the system consistently delivers uniform image reconstruction quality regardless of channel
variations. Together, these results robustly validate our fairness criterion and underscore the
capability of DeepJSCC-PNOMA to provide an equitable quality of service across different

users.

6.4.14 Comparison on SSIM, MS-SSIM and LPIPS Metrics

In addition to PSNR, we evaluate using SSIM, MS-SSIM, and LPIPS. All metrics are defined in
Section [2.7. For our evaluations, we use SSIM for CIFAR10 due to its resolution, MS-SSIM for

TinyImagenet, and LPIPS for both datasets.

Figures [6.16] and [6.17] show the comparison of our method with separation-based alternatives
combined with LDPC codes. These results align with our discussion in Section [6.4.3] despite
being evaluated using different metrics. This consistency supports the generalization of our

method to achieve high perceptual quality.

Figure [6.18] compares our method on the AWGN MAC with separation-based alternatives and
capacity on CIFAR10 and TinylmageNet datasets. Achieving capacity is highly optimistic and
generally not feasible in the real world. We do not use any specific practical channel coding
or modulation schemes to determine this bound. Compressing the source at the maximum
possible rate and assuming error-free transmission requires a capacity-achieving combination of
channel coding and modulation for reliable transmission. Therefore, the performance of any

separation-based transmission scheme using an actual channel coding scheme and modulation
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with BPG compression will likely fall short of this upper bound. Despite this, our method
performs significantly better in all evaluated SNRs. We also note that in low-SNR regime

separation-based alternatives often fail to transmit as seen in the figure.

6.4.15 Additional Comparison on Correlated Inputs

Figure[6.19 presents a comparative analysis between DeepJSCC-PNOMA and DeepJSCC-TDMA
on the Cityscapes dataset for MS-SSIM and LPIPS metrics. Similar to PSNR, for MS-SSIM and
LPIPS, DeepJSCC-PNOMA obtains the best performance for all evaluated bandwidth ratios
and SNRs.

6.4.16 Comparison for Varying Number of Actively Participating

Users

Definition 2 (Comprehensiveness Objective). Let PSNRp be the average PSNR over the whole
test set when only a subset of users P C [n] transmit, i.e., z; = 0,Yi &€ P. The system is said to

be comprehensive if VP C [n], PSNRp > PSNRy,).

Figure[6.20| compares the performance of DeepJSCC-PNOMA with n = 16 users against scenarios
with fewer actively transmitting users, specifically for P € {1,2,4,8,16}. This comparison

enables us to evaluate the comprehensiveness objective outlined in Definition

Notably, even though the DeepJSCC network for n = 16 is not explicitly trained for scenarios
with fewer actively transmitting users, the performance remains remarkably consistent. This

consistency is likely attributable to the near-orthogonality of the user signals, as discussed in

Section [6.4.8

These results clearly demonstrate that the method can be effectively used with a variable
number of actively transmitting users, aligning with the comprehensiveness objective across

most channel conditions. We also posit that there is a potential performance gain resulting from
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the reduced interference when fewer users are transmitting. This phenomenon can be explained
by the increase in information-theoretic capacity under such conditions. In our experiments, we
did not observe this effect because non-transmitting users were not included during the training

phase. We leave the inclusion of non-transmitting users for future work.

6.5 Conclusion

We have introduced a novel joint image compression and transmission scheme for multi-user
uplink scenarios, leveraging NOMA with identical DNN-based encoders and decoders for all users.
Utilizing a user-specific projection trick, inspired by the CDMA scheme, the receiver can recover
images from multiple users despite the analog transmission inherent in DeepJSCC, correctly
attributing each image to its respective user. Our DeepJSCC-PNOMA scheme outperforms
digital and DeepJSCC-based point-to-point alternatives. Furthermore, it scales up to 64 users
with only an extra 9.4% of trainable parameters at p = 1/6 and 2.4% at p = /12, demonstrating

consistent performance gains.
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Figure 6.5: Progressive fine-tuning methodology for scaling DeepJSCC-PNOMA. Top: Starting
from a single-user baseline (n=1, P1=I,, € C™*™), the number of users is iteratively doubled,
each stage shows the resulting encoder projection dimensions. Bottom: Detail of a single
expansion step from /2 to n users showing all matrix dimensions. Orthogonal matrices Ky, Ky €
C2™*™" (obtained via QR factorization) multiply the existing projections to double their column
dimension. Orthogonality (K;KZ% = 0) ensures zero initial inter-group interference; unitarity
preserves signal power.

Stage 1 Stage 2 Stage 3 Stage 4
Train
Fine-tune Fine-tune Fine-tune
DeepJSCC
2 @ et (@ s e
TL:L P1:Im
Pi E(C'mx2m Pi e(cmx4'm Pi EC'mXSm
P; e Cmxm™

Expansion Step Detail: 7/2 users — n users

1. Generate orthogonal sub-matrices: Sample MN/\/(O, %Inm), compute
Q,R = QR(M), set d = Sign (Diagonal(R)), then partition:

K @

K,
——
nm X nm
2. Update encoder projections (users 1,...,7/2 use Ky; users 7/2+1,...,n use Ks):
P'i — Pi,old X K]’ e cmxrm
——
e(CmX%m E(C%mxnm

3. Update decoder projections:

! H ! nmxm
P« K/ x P, €C

~— =

ecnmx%m E(C%mxm

Properties: K1K& = 0 (orthogonality = zero initial inter-group interference);
12:Ps||* = ||zs||* (unitarity = preserved signal power).
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Chapter 7

Private Collaborative Edge Inference via

Over-the-Air Computation

7.1 Introduction

The increasing adoption of IoT devices results in the collection and processing of massive
amounts of mobile data at the wireless edge. As outlined in Chapter [I conventional centralized
machine learning methods are impractical for edge applications due to privacy concerns and
limited communication resources. While previous chapters progressively extended DeepJSCC
from single-user to multi-user image transmission, this chapter addresses a complementary
large-scale multi-user challenge: collaborative edge inference across many distributed devices.
Building upon the distributed inference and privacy considerations established in Chapter [2| this
chapter introduces a novel privacy-preserving collaborative inference framework that leverages

OAC to address the fifth research objective of this thesis.

Implementing decentralized ML models at the edge solves this issue, and thus, edge learning and
edge inference have attracted significant attention over the recent years [85, 157, 88 158, 159].
Edge learning aims to train large ML models in a distributed setting, whereas edge inference

aims to make inferences in a distributed manner at the edge.

132



7.1. Introduction 133

Although collaborative training (e.g., FL) at the edge can bring significant advantages, it requires
coordination and communication across nodes. Moreover, limited wireless resources are a major
bottleneck, and noise, interference, and lack of accurate channel state information can prevent or
slow down the convergence of learning algorithms, or result in reduced accuracy [160]. Therefore,
in this chapter, we consider collaborative inference using independently trained models at the
edge nodes. While a growing body of work studies distributed training over wireless networks,
the literature on distributed wireless inference, particularly using deep learning techniques,
is relatively limited [30} 161l 162]. Moreover, beyond a few exceptions, such physical factors

affecting edge inference have not been explored in the literature [85].

We treat the resultant problem as a collaborative edge inference problem, where the individual
hypotheses of the clients need to be conveyed to the central inference server (CIS), and combined
for the most accurate decision. Moving sensing to the edge reduces latency and improves privacy
since it removes the requirement to communicate the data or the models. Often the data is not
accumulated at a single client or cannot be shared between clients due to privacy or latency
constraints. When data offloading or collaborative training are not possible, locally trained
models are suboptimal and a collaborative inference solution is needed that incorporates the
decisions at different clients. We, therefore, introduce a distributed inference solution that
incorporates all the data and models while limiting privacy leakage during inference time through

DP guarantees.

Privacy is an important concern in all ML applications since the data used for training can reveal
sensitive information about its owner. In the case of ensemble inference, when the models are
queried, their outputs may reveal sensitive information about their training sets. For instance,
even when an adversary has black-box access to a model, whether or not a data sample is used
during training can be inferred via membership inference attacks [163], or even the whole model
can be reconstructed via model inversion attacks [164]. Hence, even if adversaries can only
observe the inference results, we need to introduce some additional mechanisms to protect the
sensitive information. Figure summarizes the architecture for collaborative inference with

DP guarantees.
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Figure 7.1: Overview of collaborative inference with DP guarantees.

DP guarantees can be obtained by introducing additional randomness to the output, such as
adding noise, at the expense of some accuracy loss. Since DP bounds the amount of information
leaked about the individuals, DP mechanisms make black-box attacks less effective. One approach
to provide DP guarantees to ML is differentially private training [13]. Typically, Gaussian noise
is added to the gradients during training, where the noise variance is determined according to the
desired privacy level. This approach is extended to a federated setting in [165], [166]. However, DP
training provides only a fixed DP guarantee, and we cannot operate at different privacy-utility
trade-offs during inference, which may be beneficial when serving users with different levels of
trustworthiness. Moreover, DP training does not prevent the model stealing attacks since the
model can be still reconstructed via black-box access to it. Hence, in this chapter, we focus on
embedding privacy-preserving mechanisms into the inference phase. We simply lift DP training
assumption on the models and provide a systematic method for controllable privacy-utility

trade-off for distributed inference.

In a recent line of work [90], 911, 96, 19], it has been shown that, in distributed training tasks,
superposition property of the MAC can be exploited to use communication resources much
more efficiently and to significantly improve the learning and transmission performance. Instead

of conventional digital communication, in OAC, clients transmit their updates simultaneously
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in an uncoded manner such that the receiver automatically gets the aggregated signal via the
MAC (please refer to [167] for a comprehensive overview of OAC techniques and applications).
Hence, besides communication efficiency, OAC also helps preserve the privacy of the clients since
individual signals transmitted by the clients are not observed by the receiver [94]. Moreover,
the noise and channel fading acting on the aggregated signal at the receiver can be effective at
preserving the privacy of all the signals transmitted by the clients [89, 97, 168 93, [94]. In this
chapter, we extend the use of OAC beyond distributed training and exploit it for efficient and

private distributed edge inference.

7.1.1 Contributions

The main contributions of our work are summarized as follows:

1. We introduce a novel distributed inference framework at the wireless edge that exploits
OAC while providing bandwidth efficiency and variability. To the best of our knowledge,
the conference version of this chapter [I8] was the first in the literature to exploit OAC

for distributed inference.

2. We provide flexible privacy guarantees depending on the scenario without imposing any

restrictions on the training phase.

3. We systematically compare and discuss the privacy of the introduced collaborative
classification methods, and show that the proposed framework with OAC performs
significantly better than its orthogonal and digital counterparts while using fewer wireless
resources under privacy constraints. We also provide statistical significance tests to show

the reliability of the obtained results.

4. To facilitate further research and reproducibility, we publicly share the source code of our

framework on github.com /ipc-lab/collaborative-inference-oac.


https://github.com/ipc-lab/collaborative-inference-oac
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7.2 System Model and Problem Definition

7.2.1 System Model

We consider privacy-preserving multi-user classification at the wireless edge for both ensemble
and multi-view cases. In our model, we consider n clients each with a separate model f; : R! —
R* i € [n], trained on dataset D; C D for either a multi-class or a binary classification task,
where D = Uie[n] D;, and D; N D; = () for clients i # j. Each client also has access to a common

validation dataset D,,;.

A new query to be classified arrives at each time step ¢, and all clients receive a view of the query,
x;; € Rl. Then, each participating client makes an inference with its local model denoted by

fi(xit) € R¥ and then encodes it into d channel symbols, which is the total available bandwidth

per query.

Remark 7. The target task becomes ensemble classification when all devices receive the same

View Xy S qUETY, 1.€., X1t =+ = Xpp = X4.

The clients are connected to a CIS via a wireless medium, and, at time ¢, we assume each client
i knows its channel gain to the CIS, h;; € R. In our setting, we assume that h;,’s are normally
distributed with a zero mean and a variance 7. We further assume that the channel gains
change across clients and time steps, but they stay the same per inference round; that is, the
channel gain of a client is the same for all d channel uses. To reduce the total power consumption
and to amplify the privacy guarantees, we consider random participation of the clients in each
inference round such that each client 7 independently participates with probability p. To limit
the power consumption, only the clients whose channel gains are larger than a certain threshold
participate in the inference process. This is one of the sources of randomness determining p.
Hence, p is a tunable parameter via such a transmission threshold. If necessary, via additional

randomness, p can be made even smaller.
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Let y;; € R? denote the signal transmitted by client i. The received signal at CIS is

Z; = Z hivyir + 1, (7.1)

1€EP:

where n; € R is the i.i.d. AWGN with zero mean and variance o2, i.e., n; ~ N (0, 021;). We

enforce an average power constraint P, which is denoted by the following:

E [llyslls] < P. (7.2)

After receiving z; € R?, CIS processes it via function s : R? — [k] and outputs the most probable

class. The system model is illustrated in Fig. [7.2]

7.2.2 Threat Model and Target Problem

In our problem, the purpose is to limit the privacy leakage of clients’ local models, which is
equivalent to limiting the leakage about the individual datasets D;, Vi € [n] since local models
are trained on disjoint datasets. In our threat model, we assume all the clients follow the
protocol, and the CIS is honest but curious, i.e., it does not deviate from the protocol, but by
exploiting the signals received from the clients, it may try to infer sensitive information about
the clients’ models and datasets. Hence, our goal is to limit the leakage to CIS about the local

models from z; while trying to maximize the inference accuracy.

Remark 8. Although our channel model is defined in real numbers R for simplicity, it can be
extended to complex channels via mapping half of the vectors or function outputs to the real part

and the rest to the imaginary part of a complex number.

7.3 Methodology

In this section, we gradually introduce the modules of our framework.
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Figure 7.2: Overview of our framework for collaborative private inference at the wireless edge.

7.3.1 Fusion Methods

In the following, we present alternative methods to perform local prediction for participating

clients, having received the query x; ;.

Let r;; € R¥ be a vector containing classifier scores (beliefs) for each class at client i for the
sample received at time slot ¢, where k is the number of classes, and the j™ element of r;,
denoted by (r;;);, contains the score for class j. We normalize the sum of the scores in r;; to 1,

i.e., ||[ri¢||, =1, and hence, the maximum possible score of a class is 1.

We consider three fusion strategies, denoted belief averaging with OAC (BA-OAC), weighted
belief averaging with OAC (WBA-OAC), and majority voting with OAC (MV-OAC). For each
strategy, we first define a local pre-processing function f; : R — R¥ that maps the received
query X; . to a k-dimensional score vector. This score vector is subsequently mean-centered to
yield the transmitted prediction f;(x;:), as detailed in Eq. . Before presenting the strategies,

we introduce the following notation.

Definition 1. OneHot(j,[) outputs an l-dimensional one-hot vector for j <, where only the

™ element is 1 and the rest are 0.

BA-OAC. Each client directly transmits its belief vector, and the CIS selects the class with
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the highest aggregated score. The local pre-processing function is simply

fi(Xit) = Tip. (7.3)

WBA-OAC. Each client scales its belief vector by its normalized class-wise accuracy before
transmission. The CIS then selects the class with the highest weighted aggregated score. The

local pre-processing function is

fi(Xit) = W; O 1y, (7.4)

where w; € R* is a vector of normalized per-class accuracies on Dy, for client i satisfying
|w:]|; =1, and ® denotes element-wise multiplication. If real-time validation or test data are

available without violating privacy constraints, they can be used to update w; in place of Dy,.

MV-0OAC. Each client casts a vote for its predicted class, and the CIS selects the class with

the most votes. The local pre-processing function is

fi(xi1) = OneHot (arg max(r;);, k) : (7.5)

JEK]

Note that BA-OAC and WBA-OAC fuse soft discriminative scores, whereas MV-OAC fuses

hard predicted labels. After computing f;(x;,), we apply mean centering by subtracting its

element-wise mean ﬁ-(xi’t), where (fl(xzt)) = %, Vi € [k]:
J

~ N

fi (i) = fi(xin) — fi(xig)- (7.6)

fi(xi,t)

particularly significant for MV-OAC, where the one-hot structure of ﬁ(xlt) concentrates most

2
. The reduction is
2

This centering reduces transmission power since | fi (xi/)[> < ‘

of the energy in a single element that is largely removed by the mean subtraction.
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7.3.2 Ensuring Privacy

Next, we explain how we make our inference procedure privacy-preserving by introducing some

randomness. First, we formally define DP for our ensemble inference task.

Let £, L' € IL be the sets of local models of the clients, which differ at most in one of the clients,
e, L={fiyU{fi:i€n]\j}and L = {fj}U{fi:i € [n]\j} such that f; # f; and L is the
set of all possible local models of n clients. Such £ and £’ are called neighbouring sets. In our
case, since we aim to protect the local models’ privacy against CIS, we require that the CIS
cannot distinguish between £ and £’ by observing z,. Hence, the DP guarantees considered in
the chapter are all local-model-level DP, i.e., the replacement of one client’s local model with

another model does not generate a distinguishable effect on the observation of the CIS.

Local-model-level privacy guarantees might seem too conservative, but besides protecting against
inferring sensitive features of the local datasets, local-model-level privacy provides protection
against model stealing attacks, i.e., the CIS will not be able to accurately reconstruct the local

model parameters.

Next, we formally define the notion of DP which characterizes the indistinguishability of z;
against the local model sets £ and £'. For this, for a clearer notation, let us consider the signal
observed by the CIS, z,;, as the output of a randomized function M (X, £), which represents all
the local prediction, randomization and transmission phases, where X, € R*" is the matrix

whose " column represents the query received by client 1.

Definition 2. Consider the signal observed by the CIS, z;, as the output of a randomized
function M : R>" x L — R? and let £ and L' be two possible neighbouring model sets. For
e>0andd €0,1), M is called (¢,6)-DP if

Pr(M(X,, L) e R) <e Pr(M(X,,L)eR)+, (7.7)

for all neighbouring pairs (L,L'), VX; € R™" and V R C R.

In the above definition, ¢ indicates the amount of privacy loss and hence, smaller € implies a
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stronger privacy guarantee. On the other hand, § characterizes the failure probability of this
guarantee, i.e., bad events in which Pr(M(£) € R) < e Pr(M(L') € R) does not hold. Hence,
0 should be close to zero for a strong privacy guarantee. Choosing appropriate values for € and
0 is crucial for balancing between privacy and utility, and is still an active area of research. In
principle, to have a strong privacy guarantee, choosing € < 1 is preferable. It means that when a
private sample is included, which is the private model of a device in our use case, the probability
of any output value does not exceed more than ~ 2.72 times the probability of the same output
value when the sample is not used. However, in practice, depending on the use case, considering
privacy vs. utility trade-off, much larger ¢ values would be enough. For example, in [169], it
has been demonstrated that using even a relatively large value of ¢ = 8 can be sufficient to
deteriorate the performance of membership inference attacks. Moreover, in [I70], it has been
shown that using € < 100 would be enough to prevent data reconstruction attacks in MNIST
and CIFAR-10 datasets. For further discussions on how € and § should be chosen in practice,

we refer the readers to [14], 171l 169, 170}, 172 [173].

To achieve DP guarantees, the output released to an adversary should be randomized. In this
chapter, we consider releasing a noisy version of model outputs, f;(x;;), for each client by adding

Gaussian noise [102]. Each client can generate a noisy version of its model prediction as follows:

Gi(Xip) = [i(xiz) +myy, (7.8)

where m;; ~ N(0,0%,,.Ir). One of the main advantages of OAC is that the noise terms
added by different clients are automatically aggregated at CIS. Thus, it has a further privacy
amplification effect. We provide the analysis of the privacy guarantees achieved by our framework

in Section [7.4] This analysis reveals that DP guarantees are directly dependent on the variance

of the aggregated noise at the CIS. Hence, to obtain DP guarantees, each client should add

2

Zient = 02/|P:|, where o is a constant depending on the desired DP

a Gaussian noise with o
guarantees and P; is the set of participating clients. Since this noise variance depends on | P/,
each client must know |P;|; however, P, must remain unknown to the CIS, as otherwise it could

use this knowledge to better disaggregate the received superposed signal and infer individual
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client contributions. We describe how the clients can jointly determine |P;| without revealing

P; to the CIS via common randomness in Section [7.3.3]

Remark 9. Note that in OAC, z; already has channel noise that provides some degree of
privacy guarantees, which can even be amplified by fading [97]. However, to achieve the desired
level of DP, channel noise power may not be sufficient. First of all, channel noise may not
follow a Gaussian distribution in practice (which is often used as worst-case assumption for
channel capacity). More importantly, the clients cannot control or reliably know the noise
variance or channel gain, as they rely on the CIS for this information. Thus, it is not a reliable
source of randomness [9]], and we ignore the channel noise and fading while analysing privacy
guarantees. Instead, we have each client add some additional Gaussian noise before releasing
their contributions. Hence, in reality, the privacy guarantees are slightly better than the ones we
obtain in this chapter due to the presence of additional channel noise. If we were not ignoring
the channel noise, each client would need to add less noise to the decision vectors, i.e., noise

variance of (02 — 02)/|Ps| would suffice instead of o2 /|Py|.

We discuss the DP guarantees of our method in Section [7.4] In the next section, we describe

the transmission method of the clients.

7.3.3 Transmission

Before transmission, the clients determine the participation set P; via common randomness.
During an initial setup phase, all n clients agree on a shared random seed. At each time slot ¢,
every client deterministically evaluates a pseudo-random number generator, seeded with the
shared seed and the time index ¢, to draw n independent Bernoulli (p) outcomes, one per client.
Since all clients use the identical seed and generator, they arrive at the same P; (and hence
|P;|) without any communication. Since the CIS does not know the seed, it cannot determine
Py. If |P;| = 0, which occurs with very low probability, the clients repeat the process until at

least one participates.

Furthermore, we use linear projection before transmission to adapt to the available bandwidth d.
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When the number of classes k is smaller than d, it is reasonable to employ the whole bandwidth
to improve the transmission quality against channel noise. However, the number of classes k can
be much larger than d, e.g., the number of labels ranges from thousands to billions in extreme
classification problems [I74] I75]. In this case, to enable latency critical applications [176],
it is better to project the decision vector g;(x;:) € R* to a d-dimensional space to reduce
the bandwidth, albeit with lower reliability. Therefore, for more generality, we adopt a linear

projection of the decision vector g;(x;;) € R* to dimension d.

Our objective is to recover the superposition of projected signals at the CIS with the least error
possible, while we can expand or collapse the bandwidth. In particular, we employ the same
projection matrix P € R%¥¥ at all the clients to produce d-dimensional transmit vectors. To
generate P, we first sample M ~ N (0., 1.), where ¢ = {d, k}. Then, we apply QR factorization

to M using the procedure in [I52] to generate an orthogonal matrix Q as:

Ql, R = QRFactorization (M),
d = Sign (Diagonal (R)),

Q=d Q|

where Diagonal extracts the diagonal elements of the input matrix as a vector, and Sign replaces
negative elements with —1 and positive elements with +1. Then, we select the first d rows and
k columns as P = Qi.4,1.5. Since the CIS is only interested in the final decision, it only needs
to pinpoint the maximum value of the superposed decision vector rather than estimating the
entire decision vector. In addition, most of the clients may make the same decision; hence, it is

feasible to identify the maximum value even when d < k.

Remark 10. Any orthogonal matrix can be used instead of Q. When d < k, P can also be
designed as a matrix, e.g., a Gaussian or Bernoulli random matriz, that satisfies the restricted

isometry property of compressed sensing [177).

We need to make sure that each client’s noisy decision vector g;(x;,) is received at the CIS at

the same power level. Recall that the channel gain for each client is assumed to be perfectly
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known by that client, which then employs channel inversion to cancel its effect. Thus, each client
scales its signal by 1/h;; prior to transmission. Note that, since a client does not participate in
the inference process if its channel has a low gain, this scaling does not result in excessive power
usage. The CIS may require a specific power level for the reception of the signals depending on
the available power of the clients or the channel’s power constraint. Typically, an average power
constraint is imposed. We satisfy the average power constraint in Eq. by scaling via -,
whose calculation is provided in Section [7.3.5 Lastly, we normalize by |P;| so that the receiver

receives the average of all the users.

After these steps, the signal transmitted by the i*" client is given by

gi(xit) e
P=—— ifie P,
b, T

Vit = (7.9)

0, otherwise,

where P; is the set of participating clients.

Now, all participating clients transmit their signals synchronously over a MAC. Following the
standard assumption in OAC literature [91, 96], we assume that all clients are symbol-level
synchronized, which can be achieved in practice via standard mechanisms such as timing advance
and pilot signals from the CIS. Under this assumption, their signals are superposed at the
CIS. Nevertheless, this assumption may not hold in large-scale networks, where achieving
synchronization is challenging due to hardware variations, channel conditions, and geographical
distances. In asynchronous settings, synchronization errors can lead to significant interference,
reducing overall system accuracy. For approaches to mitigate these issues, we refer the reader

to [178, 167].
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7.3.4 Final Decision by the CIS

The signal received by the CIS at time ¢ after passing through the channel defined in Eq. (7.1))

is given as follows:

Z; = Z higyir +ny

1€P:
xZ +m,

@ g, pp i) e

1E€EP: |7Dt|hzt
®) YP
: |’;>|Z f’L Xi,t +m1t)+nt

t 1€P:
|7Dt Zfz 'Lt | t’ Zmlt+nt7 (71())

1€P

where (a) follows from Egs. and (7.9) and (b) follows from the linearity properties of the
projection and scalars. After receiving z;, CIS decision function s(-) multiplies the received signal
by %PT to recover the desired signal, which is the average of votes, local beliefs or weighted

local beliefs:

1
S (Zt) = §PTZt

P”P
- WZf,-(xi,t) + by, (7.11)
t 1€P

where b, ~ N (0,PT02 + PTP~%02,,/|P:|) is the accumulated noise due to privacy and
wireless channel. Note that when d > k, we have PTP = I, due to the orthogonality property;
and therefore, the CIS reconstructs the average of participating clients’ score vectors along with

some noise.

Then, the CIS applies the arg max function to decide the most probable class, i.e.,

s(z;) = argmax 5 (zy), . (7.12)
J€lk]

Algorithm [9] summarizes all the steps introduced in this section. In the next section, we derive

the scaling factor ~.
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Algorithm 9: OAC-Based Private Collaborative Inference

Require: Trained client model f;(-) for every client ¢, CIS model s(-), new samples x;,; Vi € [n]
at time step ¢
Ensure: Index of the decided class
function PRIVATE COLLABORATIVE INFERENCE
Let P; contain each client ¢« with probability p, determined via a common seed among
clients.
for all client ¢ € P; in parallel do
Client ¢ receives x;,

Calculate f;(x;+) > Client Model
gi(xit) = fi(xie) + N(0,02/|P|1) > Add noise
Transmit YPg;(x¢)/ (|Pe|hit)

Z; =Ny + 7y Zz‘em gi(Xit) > Air Sum

CIS receives z,

return s(z;) > CIS Model

7.3.5 Determining the Scaling Factor

Here, we derive the scaling factor v to normalize the prediction vectors with additional noise
introduced due to privacy according to the average power constraint defined in Eq. . In our
setting, each client ¢ wants to transmit gp, £ Pg;(x;;) to the CIS. For a clearer notation, we
drop the time index for the rest of this subsection. To account for channel gains and to satisfy
the average power constraint in Eq. , before transmitting gy, we scale it by m, where
is a scalar chosen to satisfy the average power constraint. In the following, we derive it in detail.

For i € [n], we have,

2

<P (7.13)

E [y.J2] [H e |

We have

)
[N}

E [Ivil] = W

= |7Zt|2 ZE [(gpi)?] E {%} , (7.14)
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where (a) follows from independence between the elements of g, and h;. Note that each client

transmits only if h? > hy,. Since h; is normally distributed with zero mean and variance o2,

we have

1 2 S
AR || = / —e i
/Ll/h hZQ 27T0_h mee hazx
= / S
= —E€ h
V2mon Jhy h
1 o 1
= / —e Mdh
210 h S hyin/(202)
1 hmin
= | — 7.15
V2moy, ' ( 207, ) ’ (7.15)

where E;(z) £ f;o et;tdt. Hence Eq. 1) can be written as

2 d 9
e 2 E () = e ool 1)
j=1

Recall that g, = Pg,;(x;;) = P (fi(x;:) + m;;). Since m;; consists of independent Gaussian

we have

random variables with variance o%;_ .,

2 2
i 8ol = g (IPAGIE + dodin). (7.17)

To bound ||P f;(x;)]|, first, let us consider P € R™* where d > k. In this case, P consists of k

orthogonal columns. Hence, we have

1P fi(xi0)l5 = £ (i) PTP fi(xi)
= [ (%i0) L fi(xi)

= ”fz(th)Hg (7.18)

Next, we consider the case d < k, in which P consists of d orthogonal rows. Let us write
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fi(xit) = | f|fu, where f, is the unit vector pointing to the same direction as f;(x;;). Hence

d
1P fixi) s = [F17 D (Pis fu < [F17 = I filxi) 13- (7.19)
i=1

where P; is the i*" row of P.

Finally, by Eq. |) the maximum value of || fz(th)H; is attained when ﬁ(xlt) is exactly 1 at

one coordinate and all zeros in the other coordinates. Hence,

1 1\’ 1
Il < k- 1+ (1= ) =1 (7.20)

Hence, for each client, we must satisfy

72 1 2
W“l/h (1 - E + dUClient) < P? (721>

which leads to

P
v =|P . 7.22
| t|\/M1/h (1 - % + do—?lient) ( )

7.4 Privacy Analysis

In this section, we provide the privacy analysis of the proposed over-the-air ensemble scheme.
Note that, as discussed in Section [7.3.2] while calculating the DP guarantees, the channel noise
n; is ignored. Thus, our guarantees are upper bounds and the actual privacy guarantees can be

stronger due to the channel noise.
We first analyze the case in which all the clients participate.

Theorem 1. If all the clients participate in the inference, i.e., p = 1, then, Algorithm[9 is
(€,0)-DP such that for any € > 0,

5 =®(1/(V20) —eo/V2) — B(—1/(V20) — e /V?2), (7.23)
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where ® is the cumulative distribution function of standard normal distribution.

Proof. Our theorem is a special case of the following lemma.

Lemma 1 (Theorem 8 in [179)]). Let f : L — R¥ be a function with || f(L) — f(L")||2 < C, where
L and L' are neighbouring inputs and ||-||2 is Ly norm. A mechanism M (L) = f(L)+N (0, o%I;)
is (€,6)-DP if and only if

O (C/(20) — 20/C) — € (—C/(20) — 20 /C) < 6. (7.24)

To apply Lemma [1] directly in our case, first observe that v and P are common to all the clients.
Hence, the effective noise is directly added to z, £ Zz‘eﬂ fi(xi+), and we need to calculate the
Lo sensitivity, C, of z;. Note that we can also ignore the operation in Eq. since it is only a
shift operation that does not change the sensitivity calculations. Consider neighbouring sets £
and L. We denote the noiseless vector received by the CIS by z; when the set of local models is

L, and by z, when it is £. Then,

k 1/2
(Z(zm - z;,j)Q) . (7.25)

J=1

C = max||Z; — z;||, = max
70,7, 7.7,

We know that (fi(x;¢)); € [0,1],Vj € [k]. Hence, ||Z; — 2> is maximized when Z, — Z; has only

two non-zero elements: one is 1 and the other is -1. Then, C' = maxg, 5 ||z, — Z}|]> = V2.

Finally, by substituting C' = /2 into Eq. 1} we obtain Eq. ([7.23). [

Next, we present the amplification effect of client sampling on the privacy guarantees.

Theorem 2. If each client independently participate in inference with probability p < 1, then

Algorithm @ is (¢',0")-DP, where, for any & > 0,

! p £
§ = m(@@/(\/ﬁa) — o /VD) — ED(—1/(V20) — 60/\/§)>, (7.26)

where e =log (1+ (1 — (1 —p)")/p)(e — 1)).
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Proof. Without loss of generality, let £ and £’ be two neighbouring sets of models differing
only in the first client’s model, i.e., it is either f; or f|. Let us write the output distribution of
Algorithm @ as a mixture distribution. When the model set is £, we have p = (1 — n)po + ni
and when the model set is £’ we have ¢/ = (1 — n)uo + nuy. In these expressions, 71 is the
probability that client 1 is sampled, pg is the output distribution when client 1 is not sampled,
1 is the output distribution when client 1 is sampled and the model set is £, while pf is the
output distribution when client 1 is sampled and the model set is £'. Recall that we sample
client models each with probability p from £ or £’, and the CIS receives non-zero vectors only
when |P;| > 0. Hence, n = Pr{Client 1 is sampled | |P;| > 0}, resulting in n = p/(1 — (1 — p)")

via Bayes’ rule.

Lemma 2 (Theorem 1 in [180]). A mechanism M is (¢',0")-DP if and only if
sup Do (M(L)IM(L) < &, (7.27)
L,L

where o = € and D, (p||p) £ [, max{0, du(z) — adp'(2)}d(z).

Lemma [2 implies that it is enough to bound D, (u||x') to provide DP guarantees. For this, we

use the relation in Lemma [3| which is called advanced joint convezity of D,,.

Lemma 3 (Theorem 2 in [180]). For o > 1, we have

Do (ul|1) = nDa (pall(1 = B)po + Bpi) (7.28)
where o/ =1+ n(a—1) and g = d'/a.
We further upper bound Eq. via convexity:

Do (pllp) < m(1 = B)Da(palp0) + nBDa(pal|1h)- (7.29)

To bound D, (u1]|0), observe that there exists a coupling between p; and pg as follows. For

Lo, to guarantee |P;| > 0, let us first sample exactly one client ¢ other than client 1 since we
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know that client 1 is not sampled. Then, we apply Poisson sampling on the remaining set, i.e.,
[n] \ {c, 1}, to determine the other participating clients. For uy, assume that we have the same
realization of Poisson sampling on [n] \ {¢, 1} as in ug. Further, by definition of 4, client 1
is also sampled. Hence, p; and o can be seen as output distributions of Algorithm [9] such
that the input client sets differ in only one element. Hence, D, (11|]10) < 6 due to Theorem
Similarly, to bound D, (1, it}), a coupling exists between pq and g such that user 1 is sampled
and f; and f{ are the models in user 1, for p; and puf, respectively. To determine the other
participating clients, the same realization of Poisson sampling on [n] \ {1} is applied in both p;
and pj. Since the input client sets also differ in one element, in this case, due to Theorem
we have D, (p1, pf) < 6. If we insert the bounds on Dy (pu1, pto) and De(pu, i) into Eq. (7.29),
we obtain Dy (ul||lp') < né, from which Eq. follows. The expression for ¢ can be directly

derived from the expression o/ =1+ n(a —1). O

7.5 Numerical Results

In this section, we present our experimental setup, implementation details and simulation results.

7.5.1 Datasets

We employ eight different multi-class classification datasets to demonstrate the effectiveness of
our framework: CIFAR-10, CIFAR-100, FashionMNIST, Food101, OxfordPets, Emotion, Imdb,
and MultiviewPets. CIFAR-10 is a multi-class image classification dataset containing 50 000
training images, 10000 test images, and 10 target classes [I56]. CIFAR-100 is the same dataset
with finer granularity, i.e., it is partitioned into 100 target classes [156]. FashionMNIST is a
multi-class fashion image classification dataset with 60000 training images, 10000 test images,
and 10 target classes [I81]. Food101 is a dish classification dataset with 75750 training and
25 250 test images, and 101 target classes [I82]. OxfordPets (Oxford-IIIT Pet) is a multi-class pet
classification dataset with 37 target classes, 3680 training and 3669 test images [183]. Emotion

is an English Twitter sentiment classification dataset with 16 000 training and 2000 test texts,
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and 6 target classes [I84]. Imdb is a binary sentiment classification dataset with 25000 training

texts, and 25000 test texts [185].

For all the datasets, we use predefined training and testing sets, except that we split 10% of the
training set as the validation set and only use the remaining 90% for training. Note that the
training splits are further split disjointly across clients as described in Section except the
multi-view datasets. We have generated MultiViewPets datasets using OxfordPets images and
labels following the common practice of simulating different camera angles. Instead of splitting
the dataset disjointly, we crop regions of the same images and assign a region to each client. We
crop 20 regions (via 4 vertical and 5 horizontal lines) with 50% overlap between neighbouring

regions.

Remark 11. Throughout the chapter, we assume that our privacy guarantees are local-model-level,
which implies the same DP guarantees for the local datasets. However, in the case of multi-view
classification on the MultiViewPets dataset, this is no longer valid since some parts of the data
samples located in a client also exist in other clients due to the nature of the multi-view setting.
This results in weaker DP guarantees at the local dataset level. Nevertheless, our local-model-level

privacy quarantee and all of its benefits still hold.

7.5.2 Experimental Setup

We repeat all the experiments with 5 different random seeds and report the average results. We
randomly split the training data among the clients equally. We consider n = 20 clients with a
participation probability of p = 1.0 and a channel SNR of 0 dB, except when they are changed
gradually in Section [7.5.5]

We compute and report macro-averaged F1 (Macro-F1) scores by averaging per-class F1 scores,
which is a commonly employed metric in multi-class classification since it treats each class with

equal significance, ensuring a balanced evaluation across all classes.
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7.5.3 Implementation Details

We use PyTorch [129], torchvision for vision tasks and Huggingface transformers for text
tasks [186], [187]. For image datasets, we use MobileNetV3-Large [188] except we change its
final layer to make it compatible with the target number of classes. Instead of training from
scratch, we fine-tune a pre-trained model [I86] for 50 epochs. Similarly, for text datasets, we
fine-tune the DistilIBERT-base-uncased model [189] for 50 epochs. To make the sizes of the
images compatible with our MobileNetV3 network, we interpolate them to 224 x 224 images
following PyTorch’s pretraining recipe. Since the network accepts inputs with three channels, we
convert grayscale datasets by repeating the grayscale image for all RGB channels. We employ
stochastic gradient descent (SGD) optimizer with a batch size of 128, momentum 0.9, weight
decay 5 x 107*, learning rate 0.05 and cosine annealing scheduling method [190]. We employ
cross-entropy loss for training all local models. We also utilize label smoothing factor 0.1 for

training vision models to better calibrate the beliefs [191].

7.5.4 Comparison with the Baselines

In Table we compare the proposed OAC-based methods with the Best Client model and
the ensemble methods with orthogonal transmission in terms of their Macro-F1 scores. We
choose the model with the highest Macro-F1 score on the same validation set as the Best Client
model. For fairness, the client having the best model transmits its inference over k channels.
In orthogonal methods, denoted by -Orth suffix, all the devices transmit their inferences via

different channels, i.e., |P;| x k channels in total.

We observe that, compared to the Best Client model, ensemble methods significantly improve
the test scores, especially in the private setting. Moreover, while orthogonal and OAC-based
methods perform competitively in the non-private setting, when privacy is involved, the Best
Client model and orthogonal methods perform near-random, and significantly worse than the
OAC-based methods. Note that orthogonal methods need |P;| x k channel uses, whereas

OAC-based methods need only & channel uses; yet, OAC-based methods outperform orthogonal
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Table 7.1: Comparison of our method with the baselines in terms of Macro-F1 scores

e Method CIFAR-10 CIFAR-100 FashionMnist Foodl101  OxfordPets Emotion Imdb MultiViewPets

Best Client  83.16+0.29 59.49-+0.67 84.24+0.14 58.42+0.23 58.70+2.07 71.03+1.87  82.90+0.19 83.33+0.41
BA-Orth 91.57+0.04  73.02+0.35 91.87x0.07 71.25x012  82.87+057  83.80x052  90.8640.07 87.46+0.24
WBA-Orth  91.56+0.04  73.0240.34 91.864+0.08 71.24+012  82.88+0.64  83.84+050  90.86+0.07 87.43+0.23
oo MV-Orth 91.55+0.09 72.12+0.26 91.84+0.04 70.75+0.17  82.03+0.70 83.69+058  90.83+0.06 86.58+0.22
BA-OAC 91.79+010 73.25+0.36 91.99+012  71.74+010 83.55+061 83.85+063 91.00+0.05 87.77+0.26
WBA-OAC 91.80+0.10 73.244035 91.99+0.12 71.72+009  83.51+063 83.86+064 91.00+0.05 87.77+0.24
MV-OAC 91.66+006  72.04+0.28 91.88+0.08 70.80+0.14  82.33x054  83.60x051  90.99+0.06 86.79+0.20

Best Client  18.37+0.13 2.30+0.10 18.84+0.16 2.3540.23 5.4240.24 22.99+079  60.68+0.16 6.40+0.20
BA-Orth 53.36+0.34 6.65+0.19 57.38+0.33 6.55+0.25 9.17+0.73 60.17+1.18  84.64+0.20 19.35+0.35
WBA-Orth  53.36+0.33 6.66+0.20 57.36+0.35 6.55+0.25 9.20+0.76 60.16+1.16  84.64+0.20 19.32+0.37
5 MV-Orth 65.08+0.46 19.17+0.25 66.32+0.57 19.61+0.38 25.16+0.69 60.16+1.32  84.62+0.21 35.59+0.35
BA-OAC 91.40+0.15  56.68+0.24 91.89+0.13 50.854+0.26  65.89+1.47  83.69+041  90.96+0.07 83.22+0.20
WBA-OAC 91.39+014  56.67+0.24 91.87+0.11 50.84+0.27  65.90+152 83.83+040 90.96+0.07 83.21+0.20
MV-OAC 91.60+007 T71.21+0.21 91.80+0.07 69.98+008 81.17+077 83.51x086 90.97+0.05 86.30+0.21

Best Client  11.55+0.12 1.21+0.13 11.71+0.23 1.26+0.13 3.21+0.20 16.42+0.99  52.65+0.18 3.38+0.18
BA-Orth 17.21+0.26 1.56+0.11 17.81+0.15 1.52+0.13 3.5440.30 23.55+1.24  61.15+0.16 4.34+0.22
WBA-Orth  17.21+0.27 1.56+0.11 17.81+0.16 1.52+0.13 3.56+0.30 23.55+1.24  61.15+0.16 4.34+0.22
1 MV-Orth 19.31+0.14 2.2240.19 19.44+0.16 2.26+0.11 4.92+0.35 23.60+1.23  61.14+0.18 5.76+0.22
BA-OAC 71.14x037  12.72+0.26 76.07+0.36 12.14+0.15 13.80+0.99 T74.80+1.08 89.14+0.13 32.39+0.95
WBA-OAC 71.14+037 12.7240.26 76.04+0.37 12.14+0.15 13.83+0.99 74.78+1.05  89.14+0.13 32.39+0.93
MV-OAC 82.43+033 36.24+0.58 83.73+019  36.66+0.19 40.95+160 74.66+0.94 89.19+0.12 56.40+0.37
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Figure 7.3: Box plots for the Macro-F1 score for all the datasets in the case of non-private
(e = 00, left), moderately private, (¢ = 5, middle), strongly private (¢ = 1, right) scenarios.

ones in the private setting. In all the privacy settings, i.e., ¢ € {1,500}, Weighted Belief
Averaging and standard (unweighted) Belief Averaging methods perform very close for both
orthogonal and OAC-based variants, so we refer to both Belief Averaging and Weighted Belief

Averaging via Belief Averaging term in the rest of this subsection.

Previous studies suggest that ensembling via Belief Averaging generally performs better than
Majority Voting [192, 193]. Our non-private results also support this argument as beliefs contain

more information compared to conveying local decisions. However, interestingly, when ¢ = 1
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or ¢ = 5, Majority Voting outperforms Belief Averaging for both orthogonal and OAC-based
settings. This can be explained by the fact that the increasing noise levels result in relatively
unreliable beliefs, since the individual values of beliefs are smaller, and thus more sensitive to

the noise added for privacy.

There is no significant winner between the Majority Voting and Belief Averaging schemes,
especially in the non-private case, for both orthogonal and OAC cases. This situation contradicts
the fact that averaging, which is equivalent to our Belief Averaging, is the clear winner in
previous studies [192] 193], in which there is no noise added to the predictions due to privacy
or wireless channel. This is probably caused by the channel and privacy noise terms, which
result in the situation that more precise inferences per model result in a better ensemble. This
is also supported by our results, which show that as noise increases, the relative performance of

Majority Voting increases compared to Belief Averaging counterparts.

Moreover, as the number of classes decreases, the difference between Belief Averaging and
Majority Voting decreases, which is probably due to the spread of the beliefs among classes.
This can be observed through the difference between Belief Averaging and Majority Voting
experiments on Imdb (2 classes), Emotion (6 classes), CIFAR-10 (10 classes) and CIFAR-100

(100 classes) datasets.

In the multi-view setting on the MultiViewPets dataset, the methods behave similarly in terms
of Macro-F1 score compared to the ensemble setting. OAC-based methods outperform all of the
orthogonal methods and Best Client method. In the non-private setting, Belief Averaging-based
methods outperform Majority Voting while in weak-private and private settings Majority Voting
outperforms Belief Averaging-based methods. Similar to the ensemble setting, Best Client

performs the worst among all the methods in the same privacy setting.

Figure [7.3| shows the boxplots of the evaluated methods over all the datasets for different privacy
levels. In addition to the abovementioned points, as shown in the box plots, we observe an
increase in the standard deviations of all the methods over different datasets as we decrease
e. This increase is caused by the privacy noise added as we decrease €. These box plots also

validate our above-mentioned claims.
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7.5.5 Comparison with Varying Conditions

Figures [7.4] to [7.6] show the performance on the CIFAR-10 dataset for varying channel SNR,
p, d and ¢ values of Majority Voting, Belief Averaging and Weighted Belief Averaging fusion

methods, respectively.

These three fusion methods perform similarly with respect to the evaluated channel SNR, p and
d. The left figures show that the performance of the methods slightly increases with the channel
SNR, especially for SNR values below 2 dB. In the middle figures, we observe that higher p
improves the performance significantly in the private settings. Although lower p has a privacy
amplification effect which decreases the additional noise variance required to attain the desired
privacy level, we observe that its privacy amplification effect is not as significant as the impact
of fewer client participation on the inference performance. In the non-private setting (¢ = o0),
having higher participation also helps to get a higher macro-F1 score, but not as much as in
the private setting. These plots also show that the private setting is more sensitive to varying
conditions for both p and channel SNR. The right hand side figures clearly demonstrate that
the result improves as the projection dimension d increases until d = k£ and reaches its peak
at d = k. Further increase in d does not benefit the result since we consider average power

constraint in this chapter, which keeps the noise ratio fixed with respect to the signal.

7.5.6 Ablation Study of Privacy and Projection Methods

Here, we perform an ablation study evaluating different projection methods for private and
non-private cases, which is presented in Table [7.2l We employ validation set to prevent leakage

from the test set by exhaustive search for hyperparameters.

Again, OAC-based methods outperform their orthogonal counterparts in all our experiments.
Both Gaussian and Rademacher projections are among the most common in the compressed
sensing literature. In Gaussian projection, we sample P from random normal distribution,
whereas in Rademacher projection, we sample P from Rademacher distribution that consists

of —1 and 1 with equal probability. Orthogonal projection clearly outperforms both Gaussian
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Figure 7.4: Comparison of MV-OAC and MV-Orth with different DP levels as a function of

channel SNR (left), participation probability p (middle) and projection dimensions d (right) on
the validation split of CIFAR-10 dataset.
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Figure 7.5: Comparison of BA-OAC and BA-Orth with different DP levels as a function of

channel SNR (left), participation probability p (middle) and projection dimensions d (right) on
the validation split of CIFAR-10 dataset.
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Figure 7.6: Comparison of WBA-OAC and WBA-Orth with different DP levels as a function of

channel SNR (left), participation probability p (middle) and projection dimensions d (right) on
the validation split of CIFAR-10 dataset.

and Rademacher projections for all the evaluated e values, and performs very closely to identity

projection, while having the additional benefit of expanding/shrinking the bandwidth.
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In the private setting, we evaluate the projection of private labels, in which we add the privacy
noise to the beliefs f;(x;;), i.e., before projection. These results are denoted by appending "of
labels" to the method name, and they perform better than the private projection methods that
add privacy noise after projection, which are described in [I94]. This is because DP accounts for
privacy noise in the worst-case, so although projection has some randomization and distortion

effect on the signal, it still tries to protect that part, and this results in worse performance.

Among all these results, orthogonal projection of labels, which is described in Section [7.3.3]

performs the best, and is very close to the identity projection.

As a fully digital baseline, in Table [7.2] we also report the results of randomized response
(RR) [195] as a private inference method. Since RR is a discrete scheme, we only employ it for
Majority Voting. In this technique, each client conveys its true prediction with probability %
and tells otherwise a lie by uniform randomly picking a wrong label. For MV-OAC, we further
benefit from shuffling although its effect is limited for n = 20 clients [196]. We note that the
MAC acts as a shuffler since signals lose the order via summation. Since RR works for digital

schemes, and it does not act as additive noise, the summation of randomized predictions from

the clients does not improve the overall privacy even if we use OAC.

Table 7.2: Ablation study of different projection methods on the validation split of CIFAR-10

e  Projection MV-Orth (%) MV-OAC (%)
Identity Projection 91.15+0.20 91.33+0.17

o Gaussian Projection 68.36422.99 87.15+8.78
Rademacher Projection 34.17439.50 39.83446.29
Orthogonal Projection 91.16+0.16 91.31+0.21
Identity Projection 19.07+0.94 82.08+0.51
Gaussian Projection 8.41+1.89 20.03+7.84
Gaussian Projection of Labels 9.84+2.82 58.01+18.89

1  Rademacher Projection 7.15+2.81 13.05+11.16
Rademacher Projection of Labels 7.66+3.69 29.33+32.54
Orthogonal Projection 19.15+0.64 81.87+0.13
Orthogonal Projection of Labels 19.13+0.58 81.91+0.31

Orthogonal Projection of RR 43.70+0.98 52.81+0.52
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Figure 7.7: The standard deviation of noise for different system and privacy conditions.

7.5.7 Analysis of Privacy Quantities

In this section, we show the quantitative values of standard deviations for the DP noise to
be added in different scenarios. Figure [7.7] illustrates the effect of the number of users n and
participation probability p on the privacy noise. The amount of privacy noise, measured by
its variance, decreases as ¢ increases. This is expected because higher ¢ corresponds to lower
privacy, which requires less noise to be added. As participation probability p increases, we
need to add more noise in total to guarantee the same level of DP since partial participation is
another source of randomness. As the number of clients n increases, we need to add less noise
per client to guarantee the same level of DP since noise is distributed among the participating

clients.

7.5.8 Analysis of Scalability

Table demonstrates the scalability of the proposed method on CIFAR-10 dataset for various
number of clients. As the number of clients increases, the performance of all methods tends to
decline, primarily due to the assumption that the dataset is split into non-overlapping portions
among different clients. This leads to less diverse data at each user, reducing the effectiveness

of individual models in capturing the overall data distribution. The Best Client method, which



160

Chapter 7. Private Collaborative Edge Inference via OAC

Table 7.3: Scalability analysis of the introduced methods on CIFAR-10 in terms of Macro-F1

Method 5 Users 15 Users 20 Users 50 Users 100 Users
Best Client 86.35+0.090 83.97+044 &83.16+0290 68.85+1.28 71.59+1.01
BA-Orth 93.37+0.00  92.13+014 91.57+0.04 83.02+0.27 83.89+0.27
WBA-Orth  93.37+011 92.13+0.14 91.56+0.04 83.06+0.27 83.98+0.24
MV-Orth 93.30+0.00  92.16+0.10 91.55+0.09 82.61+042 83.73+0.21
BA-OAC 93.80+0.10 92.32+009 91.79+0.10 83.29x023 83.95+0.19
WBA-OAC 93.80+0.11 92.31+007 91.80+0.10 83.28+0.22 84.03+0.17
MV-OAC 93.62+006  92.28+0.11  91.66+0.06 82.92+0.26 83.74+0.17
Best Client  19.204+0.28  19.24+062 18.37+0.13 16.86+0.64 17.09+0.36
BA-Orth 31.00+0.48  47.93+052 53.36+034 57.37+043 64.12+085
WBA-Orth  30.99+049  47.92+050 53.36+0.33 57.37+045 64.16+0.85
MV-Orth 35.244054  H7.77+058 65.08+0.46 67.45+059 79.13+0.50
BA-OAC 78.91+0.47  91.74+016 91.40+0.15 83.07+021 83.92+0.20
WBA-OAC 78914045 91.75+0.15 91.39+0.14 83.09+0.20 84.03+0.21
MV-OAC 85.36+022 92.14+0.11 91.60+0.07 82.82+026 83.74+0.15
Best Client 11.97+0.16  11.93+0.43 11.55+0.12 11.32+0.23 11.27+0.29
BA-Orth 13.78+030  16.18%0.19 17.21+026 18.25+039 20.86+0.37
WBA-Orth  13.78+030  16.18+0.18 17.21+027 18.25+0.39 20.86+0.36
MV-Orth 14444031  17.63x006 19.31+0.14 21.124+040 29.3640.28
BA-OAC 22.46+038  58.45+064 T1.14+037 78.34+045 82.34+0.39
WBA-OAC 22.47+037 58.47+065 71.14+037 78.34+040 82.41+0.39
MV-OAC 25.20+0.27  69.74+051 82.43+0.33 81.05+0.45 83.52+0.22

relies on the model of a single user, performs well initially but experiences a sharp decline in
Macro-F'1 scores, particularly as privacy constraints are introduced. For instance, at € = 5, its
performance drops from 19.20 with 5 clients to 17.09 with 100 clients, and similarly at ¢ = 1,
from 11.97 to 11.27. This demonstrates the method’s limited scalability, especially in scenarios

where privacy is essential and the number of clients grows.

In contrast, OAC Methods—BA-OAC, WBA-OAC, and MV-OAC-exhibit better scalability,
especially under privacy constraints. These methods leverage the superposition property of
MACGs, allowing them to efficiently aggregate information from users without needing orthogonal
communication channels. Even with 100 users and at the strictest privacy level (¢ = 1), MV-OAC
still maintains a high Macro-F1 score of 83.52. This makes OAC methods more resilient to
increasing numbers of users and privacy requirements compared to orthogonal methods, which
experience more significant performance drops under the same conditions. Overall, OAC-based

methods provide a more scalable and privacy-efficient solution for distributed inference in
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large-scale, privacy-sensitive environments.

7.5.9 Statistical Significance of the Results

In this section, we demonstrate the statistical significance of the results using a non-parametric

test.

We first perform Friedman test and obtain p-value less than 0.05, which means that distributions
are significantly different. We then proceed with the post-hoc Nemenyi test at 0.05 significance
level, in which we found the critical distance (CD) as 1.42, which is the minimum difference to
have between two methods for statistical distinguishability. We can reject the null hypothesis
for the models with an average rank larger than the CD, i.e., it means these models are drawn

from significantly different distributions.

The top plot in Fig. shows the CD diagram for the non-private case, ¢ = co. It shows
that BA-OAC and WBA-OAC perform significantly better than all the other methods. The
second and the third plots in Fig. show the CD diagram for the moderately private (¢ = 5)
and strongly private (¢ = 1) cases, respectively. In both, MV-OAC becomes the method
with the highest rank due to the inclusion of privacy noise, and all the OAC-based methods
perform significantly better than other alternatives. There is also no significant difference among
orthogonal methods and among OAC-based methods. In all three scenarios, the Best Client

method performs the poorest due to the performance improvement of ensembling.

7.5.10 Analog vs Digital Implementation

In this section, we comment on the possibility of adapting the introduced methods in Sections|7.5.4

and to the digital setting.

In the non-private case, Majority Voting can be directly implemented digitally since we use
a predefined code P. Again, in the non-private case, Belief Averaging-based methods can

be implemented by quantizing the beliefs, and Weighted Belief Averaging-based methods can
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Figure 7.8: Comparison of the methods for different privacy levels (¢ = oo,e = 5,6 = 1),
respectively, in terms of average rank with the post-hoc Nemenyi test using a critical difference
diagram. Connected methods are not significantly different at the 0.05 significance level.

be implemented after quantizing the weighted beliefs. These methods cannot be directly
implemented in the cases with privacy noise, i.e., in the cases when ¢ € {1,5}. In the
weak-private and private cases, Orthogonal Projection of RR, introduced in Section [7.5.6 can

be implemented digitally since privacy noise is digital as well.

Remark 12. For simplicity, we employ analog OAC in our system model and focus on the
private collaborative inference task. To enable compatibility with digital communication systems,
the digital OAC frameworks proposed in [197, (198, [199] provide a strong foundational basis. We
leave this adaptation for future exploration and encourage readers to consult the survey papers

[200, (167 for additional perspectives.

7.5.11 Practical Considerations

Synchronization and Mobility: In practical deployments, achieving perfect time and
frequency synchronization among a large number of devices is challenging due to factors
like clock drift, network delays, hardware limitations, and device mobility [167]. As devices move
during the data consensus process, changes in network topology and neighborhood relationships
can occur, which may impact system performance by introducing additional asynchrony and
communication delays. By incorporating participation probability into our method, we not

only improve privacy guarantees but also model the impact of asynchrony and device mobility.
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This approach provides a practical assessment of the proposed method’s resilience to dynamic
network conditions, offering insights into its effectiveness in real-world scenarios where perfect

synchronization and static network topologies are unattainable.

Instantaneous channel state information (CSI): In this chapter, we assume each client has
access to its instantaneous CSI (channel gain), enabling transmission power scaling for optimal
signal aggregation at the inference server. However, acquiring real-time CSI can introduce delays
and increase signaling overhead, especially in high-mobility or large-scale networks. To address
this, recent research explores blind OAC methods that bypass per-user instantaneous CSI by

leveraging statistical channel information or adaptive transmission strategies.

Blind OAC designs [201] [167] aim to reduce signaling overhead and latency by eliminating the
need for real-time CSI exchange. Instead, these methods rely on techniques such as power
control (adjusting transmission power based on long-term channel statistics or pre-configured
heuristics), fixed modulation schemes (using predetermined modulation formats independent of
real-time channel conditions), or statistical estimations based on historical channel data. While
our current approach leverages CSI for accurate signal alignment, blind OAC strategies offer a
compelling solution for dense or high-mobility networks, where signaling delays can severely
impact performance. Exploring how to adapt our method to incorporate blind OAC principles

is an exciting direction for future research.

Energy Efficiency: Our framework includes a channel gain threshold for optimizing transmission
power, ensuring that clients in poor channel conditions reduce their energy expenditure. However,
as the probability of non-participation due to poor channel gains is extremely low, the threshold
has minimal impact on overall client participation. This design effectively balances energy
efficiency with fairness, allowing nearly all clients to participate equitably in the inference
process without significantly affecting power constraints. Additionally, in our system model,
we assume that h;,’s are i.i.d. in which case the participation and performance remains fair.
Thus, our approach ensures sustainable operation across IoT networks, maintaining high client
participation while minimizing energy usage. For a deeper exploration on energy efficiency, we

refer the reader to [202].
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Common Randomness: In our method, clients use a pseudorandom seed to determine
participation based on a shared common randomness, eliminating the need for inter-client
communication. This setup is particularly beneficial in preserving privacy as it reduces
communication overhead and potential exposure of client status or model information. However,
we recognize that under non-ideal conditions, achieving exact synchronization is challenging. To
mitigate this, our model incorporates a probabilistic participation parameter p that approximates
asynchronous conditions by probabilistically excluding clients from inference rounds. This
probabilistic exclusion serves as a proxy for potential synchronization errors, thus modeling the
impact of communication delays or asynchrony that may prevent clients from transmitting in
real-time. These approaches, combined with our probabilistic participation model, enhance our
framework’s adaptability to dynamic network conditions, such as mobility and varying signal

quality, ensuring robustness even when perfect synchronization cannot be achieved.

7.6 Conclusion

We have introduced a private collaborative inference framework at the wireless edge. We have
exploited OAC for bandwidth-efficient and accurate multi-class classification for multiple views
while preserving the privacy of the local models and their data. We have provided DP guarantees
exploiting both distributed noise addition after projection and random participation. We have
systematically evaluated the introduced methods with OAC and shown that distributed edge
inference with OAC performs significantly better than its orthogonal counterpart while using
fewer resources. We have observed that while transmitting local beliefs from each client is more
informative, enforcing and transmitting hard local decisions can be more reliable when noise is

introduced to guarantee privacy.
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Conclusion

This thesis has investigated multi-user semantic communication systems, presenting frameworks
for perceptual quality optimization, distributed source coding with deep learning, non-orthogonal
semantic communications, and privacy-preserving collaborative inference. Through systematic
analysis and experimental simulations, we have demonstrated that the integration of machine
learning with wireless communications can provide efficient, private, and semantically aware

information exchange.

8.1 Summary of Contributions

This thesis has presented contributions to wireless communications, distributed machine learning,
and information theory, establishing frameworks for semantic communication systems that
address efficiency, privacy, and performance requirements. The technical chapters are organized
along a progression of increasing multi-user complexity, starting from single-user transmission

and progressing to large-scale collaborative inference.

Chapter [3| began with the single-user point-to-point setting and introduced perceptual quality
optimization by integrating denoising diffusion models into wireless image transmission. This

work demonstrated that prioritizing perceptual quality over traditional distortion metrics can

165



166 Chapter 8. Conclusion

lead to improved user experiences, establishing trade-offs between perceptual quality and
traditional metrics while achieving semantically consistent reconstructions under challenging

channel conditions.

Chapter [4] extended to a distributed setting, bridging classical information theory with modern
deep learning by extending the Wyner-Ziv problem to neural network-based communication
systems. Our framework demonstrated how decoder-only side information can be exploited in
practical distributed compression scenarios, with adaptive mechanisms that dynamically adjust

compression strategies.

Chapters [5] and [6| moved to simultaneous multi-user transmission, investigating non-orthogonal
approaches over shared channels. Chapter [5] introduced NOMA principles to DeepJSCC for
two users, showing performance advantages over separation-based approaches in practical finite
blocklength regimes. Chapter @ scaled to many users (demonstrated with up to 64 in our
experiments), developing learning-based interference management strategies that represent
a shift from interference avoidance to strategic interference utilization, demonstrating that

carefully designed interference patterns can enhance overall system performance.

Chapter|7|concluded the progression by addressing large-scale collaborative inference, introducing
privacy-preserving methods leveraging wireless channel properties for natural privacy amplification.
Our OAC approach demonstrates that privacy and efficiency can be compatible objectives,
achieving bandwidth savings while maintaining differential privacy guarantees through channel
noise. The multi-view classification framework showed that collaborative inference benefits from

diverse perspectives while maintaining privacy.

8.2 Limitations and Critical Discussion

While this thesis has demonstrated the potential of learned JSCC in multi-user settings, several
limitations affect the practical relevance of the proposed methods and of the JSCC paradigm

more broadly. This section provides an honest assessment of these limitations, situates the
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contributions within the broader standardisation landscape, and identifies open problems that

must be addressed before the techniques developed here can be deployed in real systems.

8.2.1 Channel Model Assumptions

All experimental evaluations in this thesis employ idealised channel models, namely AWGN
and Rayleigh block-fading, with perfect CSI at both the transmitter and receiver. While
these models are standard analytical benchmarks throughout the semantic communications
literature, they omit many phenomena encountered in real propagation environments, including
frequency-selective fading, time-varying channels with outdated CSI, inter-cell interference,
hardware impairments (phase noise, non-linear amplification), and correlated multiple-input

multiple-output (MIMO) channels.

The assumption of perfect CSI deserves particular scrutiny. In practice, channel estimation
errors degrade the performance of learned encoders and decoders that are conditioned on SNR
or channel coefficients. Although some of our architectures, such as the SNR-adaptive modules
in Chapter [0, partially address robustness to channel variations, a systematic evaluation under
estimated or outdated CSI has not been performed. Testing with more advanced channel models,
such as standardised 3GPP multipath profiles, ray-tracing-based propagation, or measured

channel data, remains necessary to substantiate the practical claims of this work.

8.2.2 JSCC as a Paradigm: Adoption Challenges

JSCC is not a novel concept and is information-theoretically motivated by the fact that Shannon’s
separation theorem is strictly optimal only in the limit of infinite blocklength. Despite this
theoretical appeal, deep learning-based JSCC in particular has seen virtually no adoption in

practical communication standards. Several fundamental challenges explain this gap.

Protocol stack integration. Modern communication systems are built around a rigorous

layered architecture where source coding, channel coding, modulation, and medium access
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are designed, standardised, and optimized independently. Adopting JSCC would require a
substantial cross-layer redesign affecting physical layer processing, MAC-layer resource allocation,
and higher-layer protocols. Existing standards such as 4G LTE and 5G NR represent decades
of engineering investment in separate, highly optimized, and interoperable source and channel

coding pipelines.

Rate and bandwidth adaptation. Conventional systems handle rate adaptation through
well-defined mechanisms: modulation and coding scheme (MCS) selection, link adaptation via
CQI feedback, and bandwidth part (BWP) allocation. In JSCC, the mapping from source to
channel symbols is learned end-to-end, making it unclear how to dynamically allocate bandwidth
or adjust the transmission rate in response to changing channel conditions without retraining or
maintaining multiple models. Even if JSCC achieves higher spectral efficiency, the question of
how to redistribute freed bandwidth among users or services remains open and requires new

resource allocation frameworks.

Competing standards-compatible approaches. Deep learning-based source compression
methods such as JPEG Al [203] and neural video codecs are being developed within existing
standardisation frameworks, offering performance gains comparable to those of JSCC while
remaining fully compatible with conventional channel coding and modulation pipelines. These
approaches benefit from the mature engineering ecosystem of current wireless standards and

may represent a more pragmatic path to deploying neural compression in wireless systems.

8.2.3 Evaluation Scope

Our experimental evaluations, while extensive in terms of the parameter space explored (number
of users, SNR ranges, bandwidth ratios, dataset diversity), are conducted entirely through
software simulation. No hardware prototyping or over-the-air experiments have been performed.
Furthermore, the computational overhead of neural encoder—decoder architectures, including
inference latency, energy consumption, and memory requirements on edge devices, has not been
systematically characterised. These factors are critical for assessing the feasibility of deploying

the proposed methods in resource-constrained wireless environments.
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8.3 Impact and Future Directions

This thesis has implications for wireless communications and distributed machine learning,
challenging certain assumptions in communication theory. Our demonstration that interference
can be beneficial rather than purely detrimental opens new research directions in multi-user
communication design. The approach to privacy preservation through natural channel properties
provides alternatives to traditional cryptographic techniques, showing that privacy and efficiency

can be complementary objectives in specific scenarios.

The move from syntactic to semantic communication represents a paradigm shift, aligning
communication systems with their ultimate purpose in machine learning applications. This
work bridges multiple disciplines including information theory, machine learning, wireless

communications, and privacy, creating interdisciplinary research opportunities.

Future Research Directions include: (1) optimizing range-null space decomposition strategies
for diffusion-enhanced DeepJSCC, investigating joint training objectives that balance perceptual
quality metrics with traditional distortion measures across diverse channel conditions; (2)
extending Wyner-Ziv deep learning architectures to handle imperfect or uncertain side information
at the decoder, including robustness to time-varying correlation structures and theoretical
analysis of achievable compression rates under practical side information mismatch; (3) developing
adaptive interference management algorithms for NOMA-DeepJSCC systems that dynamically
adjust user-specific projections based on channel conditions and data characteristics, with
particular focus on synchronization mechanisms for large-scale deployments; (4) extending
progressive fine-tuning frameworks to heterogeneous device capabilities, exploring optimal
user grouping strategies and curriculum learning approaches for scaling beyond 64 users while
maintaining parameter efficiency; (5) investigating the theoretical privacy-utility trade-offs
in OAC-based collaborative inference, including precise differential privacy guarantees under
correlated channel noise and optimal noise injection strategies for multi-view classification and
ensembling; and (6) extending multi-user projection techniques and progressive fine-tuning
algorithms to general multi-view and multi-task machine learning problems, exploring applications

in FL, ensemble methods, and multi-modal learning scenarios beyond wireless communications.



170 Chapter 8. Conclusion

In addition, several directions directly address the limitations discussed above: (7) evaluating all
proposed architectures under realistic channel models, including standardised 3GPP multipath
profiles, imperfect and outdated CSI, and hardware impairment models, to assess robustness
beyond idealised AWGN and Rayleigh fading assumptions; (8) developing rate and bandwidth
adaptation mechanisms for learned JSCC, including variable-rate neural codecs that can adjust
the source-to-channel symbol mapping without retraining, and resource allocation frameworks
that integrate JSCC into existing MAC-layer scheduling; (9) designing quality-aware feedback and
retransmission protocols compatible with JSCC, replacing binary ACK/NACK with continuous
quality indicators and incremental refinement strategies; (10) conducting hardware prototyping
and over-the-air experiments using software-defined radio platforms to validate the proposed
methods under real propagation conditions, characterise inference latency on edge devices, and
identify practical bottlenecks; and (11) investigating hybrid architectures that combine learned
JSCC components with standards-compatible codecs (e.g., JPEG Al with conventional channel
coding), enabling incremental adoption within existing protocol stacks while retaining some

benefits of end-to-end optimisation.

8.4 Concluding Remarks

This thesis has established a foundation for multi-user semantic communication systems that
address efficiency, privacy, and performance requirements. The proposed architectures, namely
diffusion-enhanced transmission, Wyner-Ziv neural coding, NOMA-DeepJSCC with user-specific
projections, and OAC-based collaborative inference, demonstrate the potential of learned JSCC

for multi-user scenarios in idealised settings.

At the same time, the gap between these results and real-world deployment remains substantial.
The idealised channel models, perfect CSI assumptions, and simulation-only evaluation employed
in this work are shared limitations across much of the semantic communications literature, but
they constrain the practical conclusions that can be drawn. Bridging this gap will require not only

more realistic evaluation and hardware prototyping, but also fundamental work on integrating
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learned communication into existing protocol architectures, addressing rate adaptation, feedback

mechanisms, and interoperability with established standards.

Despite these challenges, the core algorithmic contributions of this thesis, including perceptual
quality optimisation via diffusion models, parameter-efficient multi-user scaling via learned
projections, progressive training for interference management, and privacy amplification through
channel noise, represent techniques that can be adapted and extended as the field matures
toward practical deployment. The principles developed here contribute to the ongoing effort
to build intelligent, efficient, and private communication systems for emerging applications in

artificial intelligence, IoT, and beyond.
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