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Preface

The rapid evolution of wireless communication, particularly with the deployment of fifth-

generation (5G) systems and the anticipated growth of sixth-generation (6G) technologies,

has fundamentally transformed the demands placed on modern communication networks.

Future wireless systems are expected to support unprecedented data rates, massive user

connectivity, and significantly improved energy efficiency. Among the emerging tech-

nologies addressing these requirements, massive multiple input multiple output (MIMO)

has become a cornerstone of next generation communication due to its ability to exploit

spatial multiplexing and channel diversity for increased throughput and reducedmulti-user

interference.

However, realizing the full potential of massive MIMO systems is challenged by the need

for accurate channel state information (CSI). As the number of antennas at the base station

(BS) and user equipment (UE) scales into the hundreds or thousands, the volume of CSI

data and the associated feedback overhead become prohibitively large, especially in fre-

quency division duplex (FDD) systems where the BS relies on UE feedback for downlink

CSI reconstruction. Traditional compressed sensing (CS) approaches aim to reduce this

overhead by leveraging channel sparsity and projecting high dimensional CSI onto low

dimensional subspaces. Although effective in theory, these techniques typically depend

on discrete Fourier transform (DFT) representations, which introduce high computational

complexity and experience performance degradation in real world scenarios where chan-

nel sparsity is not guaranteed.

To address these limitations, deep learning (DL) has emerged as a data-driven alternative



capable of learning complex nonlinear mappings for CSI compression and reconstruc-

tion. State of the art frameworks such as Channel state information Network (CsiNet),

enhanced Channel state information Network (CsiNet+), Compression–Reconstruction

Network (CRNet), Probabilistic Representation Variational Network (PRVNet), Deep Au-

toencoder (DeepAE), and Transformer-based Network (TransNet) have demonstrated sig-

nificant improvements in feedback efficiency and reconstruction accuracy. Nevertheless,

such models continue to face challenges including increased computational burden, sensi-

tivity to low signal-to-noise ratio (SNR) environments, and limited adaptability to practical

deployments.

This thesis proposes computationally efficient, transform-assisted DL frameworks that

strike a balance between practicality and performance for robust CSI feedback in massive

MIMO systems. The developed models are designed to reduce complexity, enhance noise

resilience, and remain adaptable to diverse channel conditions. First, a discrete Rajan

transform (DRT) based DL architecture is introduced to achieve compact CSI representa-

tion with reduced parameters, demonstrating 126.19% improvement in cosine similarity

and 81.81% improvement in normalized mean square error (NMSE) relative to conven-

tional DFT-based systems. Building on this, a Hadamard transform assisted DL frame-

work (HaDLeMO) is developed, leveraging the fast and multiplication free nature of the

discrete Hadamard transform to achieve 109.52% improvement in cosine correlation and

257.14% enhancement in NMSE, in addition to improved convergence and scalability for

large scale deployments.

To further strengthen robustness under noisy channel conditions, this thesis introduces De-

NoNet, a DL-based denoising architecture that integrates noise suppression directly into

the CSI encoding and decoding pipeline. DeNoNet delivers 113.18% NMSE improve-

ment and 72.72% gain in cosine correlation over the DRT model, particularly excelling in

low SNR environments where traditional methods experience significant degradation.

Finally, comparative evaluation across CNN-based and channel denoising neural (CDN)

architectures demonstrates substantial gains over baseline deep autoencoder approaches,

xxiv



confirming the efficacy of spatial feature learning and integrated denoising for reliable CSI

feedback. These advancements collectively contribute toward making massive MIMO

deployment more feasible for future 5G and 6G systems, bridging the gap between theo-

retical innovation and practical wireless communication implementation.

This thesis develops computationally efficient deep learning frameworks for reliable and

scalable CSI feedback in massive MIMO systems. The proposed transform-assisted ar-

chitectures reduce model complexity while enhancing reconstruction accuracy, noise re-

silience, and minimizing feedback overhead for 5G and beyond wireless environments.
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Chapter 1

Introduction

As of today, more than five billion people worldwide actively use the internet, and global

mobile data traffic continues to grow exponentially with the proliferation of smartphones,

cloud services, IoT devices and immersive applications [1]. Forecasts indicate that by

2030-2035, the number of connected devices will reach tens of billions, with data traffic

increasing by an order of magnitude compared to current levels. Meeting these demands

requires wireless technologies that can deliver much higher data rates, improved relia-

bility, and efficient spectrum utilization. In this context, multiple input multiple output

(MIMO) technology has emerged as one of themost effective solutions. Since its early the-

oretical foundations in the 1990s, MIMO has been shown to significantly enhance channel

capacity and link robustness by exploiting spatial diversity and spatial multiplexing with-

out requiring additional bandwidth or transmit power. Extensive historical evaluations

and experimental studies have confirmed that MIMO enables substantial gains in spectral

efficiency and reliability, making it a foundation of modern wireless standards and a key

enabler for present and future high capacity communication networks.
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1.1 Cellular System Evolution and Emergence of MIMO

Systems

MIMO were developed for the first time in 1990s by Telatar & Foschini [2, 3]. The evo-

lution of MIMO systems is directly related to the evolution of mobile communication net-

works. The developments inmobile communications are driven by the continuously grow-

ing demand for higher data rates, improved connectivity, and enhanced service reliability.

Each generation of wireless technology has introduced new capabilities, expanded appli-

cation domains, and transformed user experience. The journey from second-generation

(2G) systems to fifth-generation (5G) and beyond networks [4] reflects major advances

in digital modulation, spectrum utilization, radio access technologies, network architec-

ture, and hardware capabilities, eventually paving the way for next-generation intelligent

communication systems.

The introduction of 2G systems [5] in the early 1990s marked the transition from analog

cellular communication to fully digital technology. 2G mobile networks are known for

providing digital voice and early data services. The widely used 2G networks were global

systems for mobile communications and code division for multiple access [6, 7]. They

provided more efficient spectrum usage, better voice quality, and more robust security

compared to 1G analog systems. Their primary purpose was reliable voice transmission,

but they also enabled limited data services such as SMS and MMS. Typical data rates in

GSM were around 9.6 kbps, which later increased with enhancements such as GPRS and

EDGE [8]. GPRS, often termed 2.5G, allowed packet switching and increased data rates

up to 56–114 kbps theoretically, while EDGE pushed rates up to approximately 384 kbps

[9].

Although modest by modern standards, 2G laid the foundation for mobile digital com-

munication and introduced mobility into data services. Users could browse simplified

web pages, download small multimedia content, and send emails, marking the early rise

of mobile Internet. The low data rate was acceptable since the applications of the time

required minimal bandwidth. This era focused primarily on voice capacity and coverage
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rather than high speed data.

Growing demand for mobile Internet and multimedia applications led to the arrival of

third-generation (3G) systems in the 2000s [10]. 3G mobile systems offered mobile inter-

net and multimedia services. Technologies such as universal mobile telecommunications

system (UMTS), wide-band code division multiple access (WCDMA) [11], and code di-

vision multiple access (CDMA2000) enabled significant increases in data rates and ser-

vice flexibility [12]. Early 3G systems delivered peak speeds up to 384 kbps, sufficient

for early Internet browsing and audio streaming. Subsequent improvements such as high-

speed packet access (HSPA) [13] and HSPA+ dramatically improved theoretical data rates,

with HSPA+ [14] offering downlink rates up to 42 Mbps.

3G networks introduced packet switched data as the core of network design and enabled

consistent support for video streaming, email, social media, and mobile applications. This

era brought smartphones and mobile applications to the mainstream, fundamentally trans-

forming user interaction with wireless systems. Increasing smartphone penetration also

led to exponential traffic growth and pushed networks toward more spectrally efficient

radio access techniques. As real-time applications emerged, latency and throughput re-

quirements increased, motivating further system enhancements and the eventual evolution

toward broadband driven 4G systems.

Although the concept of MIMO dates back to the 1990s, MIMO techniques were stan-

dardized and commercially deployed for the first time in fourth-generation (4G) wireless

systems. 4G systems, introduced around 2009, shifted the focus toward high speed mobile

broadband capable of supporting multimedia rich applications [15, 16]. Long term evolu-

tion (LTE) and LTE-Advanced [17] standards adopted orthogonal frequency division mul-

tiple access (OFDMA) and advanced MIMO techniques to significantly improve spectral

efficiency [18, 19]. LTE’s initial theoretical downlink speed was around 100 Mbps, while

LTE-Advanced [17] could reach up to 1 Gbps with carrier aggregation and higher order

MIMO configurations. Latency improved dramatically, with radio link latency typically

[20] in the range of 10-50 ms, enabling smoother interaction for real-time applications.
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One of the most transformative aspects of 4G was the shift to a pure IP-based architecture

[21]. Unlike earlier generations that still retained circuit switched control channels, LTE

utilized packet switching for all data and voice traffic, laying the foundation for scalable,

flexible, and converged mobile services. The availability of broadband speeds enabled

widespread use of high definition video streaming, social media, cloud-based applica-

tions, real-time navigation, and online gaming. However, the increasing demand for data

intensive applications began to strain network capacity, even with carrier aggregation and

improved spectrum efficiency [22, 23]. As millions of users and devices started com-

peting for radio resources, better spatial multiplexing and higher spectrum reuse became

essential, setting the stage for massive MIMO deployment in 5G.

1.2 Massive MIMO for Fifth-Generation (5G) and Be-

yond

The introduction of fifth-generation (5G) networks represents one of the most significant

leaps in wireless communication [24, 25, 26]. 5G is driven by three major application

categories: enhanced mobile broadband (eMBB) [27, 28], ultra reliable low-latency com-

munication (URLLC) [29, 30, 31], and massive machine type communication (mMTC)

[32, 33]. While 4G mainly served human users and high data rate broadband, 5G supports

not only faster mobile experiences but also industrial automation, autonomous vehicles,

smart cities, and mission critical systems [34].

5G networks are engineered to achieve theoretical peak downlink rates of 10–20 Gbps and

real world user rates in the range of hundreds (100s) of Mbps [35] as shown in Fig. 1.1.

Latency targets reach as low as 1 ms for URLLC applications such as remote surgery, au-

tonomous driving, and factory automation. To achieve these ambitious goals, 5G employs

millimeter-wave (mmWave) frequency bands [36] with wide bandwidths, network slicing

for service differentiation, and advanced massive MIMO beamforming to maximize spec-

tral efficiency [37].
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Figure 1.1: Peak Data Rate Comparison for 2G–5G (Log Scale)

Massive MIMO plays a central role in 5G [38, 39], with base stations (BS) deploying

dozens to hundreds of antennas [40]. This allows simultaneous spatial multiplexing of

many users on the same time frequency resource. Accurate beamforming significantly

enhances SNR and reduces inter-user interference, improving reliability and signal quality.

By tightly focusing radiation in specific directions, massive MIMO also improves energy

efficiency and maximizes spectral utilization crucial for dense urban deployments [41].

Furthermore, 5G and upcoming generations introduces flexible frame structures, edge

computing integration, and AI assisted network optimization. These features enable dy-

namic resource allocation, intelligent scheduling, and real-time adaptation to user mobility

and radio conditions. The combination of new spectrum, massive MIMO, and advanced

network design positions 5G as a transformative platform for next generation communi-

cation services and industrial digitalization.

1.3 Motivation

In the past two decades, wireless communication has undergone an unprecedented trans-

formation driven by the massive increase in mobile subscribers, smart devices, and data

hungry applications. The explosive growth of mobile internet traffic has pushed existing
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Table 1.1: Comparison of Wireless Communication Generations from 2G to 5G

Generation Example
Standards

Peak Data
Rate

Typical
Data Rate

Key Services En-
abled

2G GSM,
CDMA

9.6 kbps-384
kbps (EDGE)

5-150 kbps Voice, SMS, ba-
sic data

3G UMTS,
WCDMA,
CDMA2000

384 kbps-
42 Mbps
(HSPA+)

1-10 Mbps Mobile Internet,
email, early
streaming

4G LTE, LTE-
A

100 Mbps-1
Gbps

10-100
Mbps

HD video, online
gaming, mobile
broadband

5G and
Beyond

5G NR 10-20 Gbps 100 Mbps-
several Gbps

VR/AR, au-
tonomous
systems, IoT,
URLLC

radio frequency (RF) communication systems close to their operational limits. As high-

lighted by the Federal Communications Commission (FCC), the total amount of licensed

RF spectrum allocated for commercial communication has already become insufficient

to handle the rapid expansion in wireless users and services, making spectrum scarcity a

critical concern [42]. Forecasts indicate that, if the current rate of demand continues, the

RF spectrum may reach complete saturation by 2035 [43], posing significant challenges

for the continued evolution of mobile broadband systems.

Industry reports further illustrate the scale of this ongoing transformation. According to

the latest Cisco global networking study, nearly 66% of the world population is now con-

nected to the internet, with an estimated 30 billion devices actively linked through wireless

networks [44]. A substantial share of these devices belongs to smartphone users, IoT sys-

tems, industrial controllers, autonomous vehicles, and machine type communications, all

of which continuously generate data traffic. As depicted in Fig. 1.2, nearly 2.4 billion

users have already migrated to 5G communication networks. Moreover, the 2024 Erics-

son mobility report estimates that by 2030, approximately 75 to 80% of all mobile data

traffic worldwide will originate from 5G enabled devices [45]. This surge is driven by a

wide range ofmodern services, including ultra high definition video streaming, augmented
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and virtual reality, real-time cloud gaming, industrial automation, autonomous systems,

remote healthcare, and large scale Internet of Things (IoT) deployments.
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Figure 1.2: Comparison of total population, internet users, and 5G users globally (in bil-
lions).

However, such rapid expansion places tremendous pressure on the RF spectrum, which

is inherently limited, heavily regulated, and shared among multiple services including

mobile communication, radar, satellite systems, broadcast television, defense applications,

and emergency services. Because the traditional RF bands are highly congested, simply

allocating additional bandwidth is no longer sufficient. Instead, the wireless industry has

shifted toward technologies that improve spectral efficiency, capacity, and communication

reliability within the same or even smaller frequency resources.

This necessity has led to the development of several advanced wireless technologies, such

as millimeter-wave (mmWave) transmission [46], coordinated multipoint communication

[47], massive multiple-input multiple-output (MIMO) systems, intelligent reflecting sur-

faces (IRS) [48], dynamic spectrum sharing [49], advanced channel coding [50], and in-

terference aware beamforming techniques [51]. Massive MIMO, in particular, represents

a major technological milestone, as it leverages large antenna arrays to exploit spatial de-

grees of freedom, allowing multiple users and data streams to be served simultaneously

within the same bandwidth. This significantly enhances system throughput, spectral ef-
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ficiency, link reliability, and user experience while supporting high density deployments

such as smart cities, stadiums, and transportation hubs.

Therefore, modern wireless communication research and deployment efforts focus not

only on achieving higher data rates, but also on ensuring robustness, energy efficiency,

scalability, and sustainable growth. With billions of devices expected to connect to future

wireless ecosystems, the evolution of wireless communication is driven by continuous in-

novation in signal processing, antenna design, channel modeling, and intelligent resource

management. Meeting the growing user demand while effectively managing the limited

RF spectrum remains one of the most critical engineering challenges of the current and

future communication era.

1.4 Massive MIMO Systems

To address the above challenges, the exploration of advanced communication and antenna

technologies that can extract more capacity from the same limited bandwidth has become

crucial. Among the various solutions proposed, massiveMIMO systems [52] has emerged

as one of the most promising and effective techniques. Unlike conventional RF systems

that rely mainly on increasing transmission power or acquiring new spectrum, massive

MIMO increases system capacity by exploiting spatial domain resources. It employs a

large number of antennas at the BS, enabling spatial multiplexing, where multiple inde-

pendent data streams can be transmitted simultaneously to different users using the same

time frequency resources. This effectively increases throughput without requiring addi-

tional bandwidth [53].

Massive MIMO also enhances spectral efficiency, improves link reliability, and reduces

interference by enabling highly directional beamforming. With narrow, steerable beams,

power is focused toward intended users rather than radiating broadly, significantly im-

proving signal-to-noise ratio (SNR) and reducing power wastage. Additionally, channel

hardening in massive MIMO systems makes the channel response more deterministic as

the number of antennas increases, improving system robustness.
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Figure 1.3: Simple Transmitter and Receiver MIMO Architecture

Because of these advantages, massive MIMO is considered a key enabler in 5G and be-

yond systems, where the need for high capacity and dense connectivity is paramount. It

allows operators to support more users, higher data rates, and emerging applications such

as autonomous vehicles, AR/VR services [54], industrial automation, smart grids, and

tactile Internet without demanding large expansions of spectrum resources. Therefore,

massive MIMO is not just a performance improvement but a strategic approach to over-

coming the fundamental limitations of RF spectrum scarcity, making it one of the most

important technologies shaping the evolution of future wireless communication networks.

Key features of massive MIMO systems are as follows:

• Large scale antenna arrays: Massive MIMO employs very large antenna arrays

often hundreds of antennas at the BS to serve many users simultaneously over the

same time-frequency resources. This large spatial dimension enables highly direc-

tional beamforming and fine grained spatial multiplexing, dramatically increasing

system capacity and spectral efficiency. As a result, more users can be supported

with higher data rates and improved link reliability.

• High spectral efficiency: By transmitting to many users over the same time-

frequency resources through spatial multiplexing, massive MIMO significantly in-

creases spectral efficiency. Each user is served through highly directional beams,

minimizing mutual interference. This allows the same spectrum to be reused mul-
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tiple times within the same cell. Consequently, system throughput improves by an

order of magnitude compared to MIMO systems.

• Improved energy efficiency: Massive MIMO uses focused beamforming to di-

rect signal energy only toward active users instead of broadcasting in all directions.

This reduces unnecessary radiation and lowers overall transmit power requirements.

Since many low-power amplifiers replace a few high-power ones, energy consump-

tion is greatly reduced. This makes massive MIMO highly suitable for green and

sustainable wireless networks.

• Enhanced reliability: The large number of antennas in massive MIMO provides

strong spatial diversity, effectively mitigating fading and shadowing. This improves

link stability and suppresses inter-user and inter-cell interference, ensuring reliable

communication even in dynamic environments.

• Spatial multiplexing: MassiveMIMO transmits multiple independent data streams

to different users over the same time-frequency resources by separating them spa-

tially. This enables near-linear capacity growth with the number of antennas, re-

sulting in very high data rates.

• Channel hardening: As the antenna count increases, small-scale fading averages

out across the array, a phenomenon known as channel hardening. This makes the

channel more stable and predictable, improving reliability and simplifying system

design.

• Dependence on accurate CSI: The performance of massive MIMO relies heavily

on accurate channel state information (CSI). Precise CSI enables effective beam-

forming and interference mitigation, while estimation errors can significantly de-

grade system performance.

• Feedback overhead challenges: In frequency division duplex (FDD) systems, CSI

must be fed back from the user to the BS, which becomes extremely costly as an-

tenna numbers grow. The feedback overhead scales with the product of transmit
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and receive antennas. This creates bandwidth, latency, and energy challenges. As a

result, CSI compression, sparsity exploitation, and deep learning (DL)-based feed-

back reduction schemes have become active research areas.

1.4.1 Massive MIMO CSI Feedback Limitations

In massive MIMO systems, overall performance relies heavily on obtaining accurate CSI,

which represents the known properties of the wireless propagation channel. CSI explains

how signals travel from the transmitter to the receiver under the combined influence of

scattering, multipath fading, shadowing, and distance dependent power loss. In FDD sys-

tems, the downlink CSI is first estimated at the user equipment (UE) using pilot signals

transmitted by the BS. Since channel reciprocity does not hold in FDD, this estimated CSI

must then be fed back from the UE to the BS through a limited capacity uplink control

channel. However, due to the large number of antennas at the BS, the CSI dimension

becomes very high, leading to excessive feedback overhead. As the number of antennas

increases in massive MIMO, the channel dimension grows proportionally, making CSI

feedback substantially more complex. This creates significant CSI feedback overhead,

consuming valuable uplink bandwidth and increasing system latency. The need to fre-

quently update CSI due to channel variations makes the problem even more challenging

for high mobility users.

Additionally, in realistic wireless environments, massive MIMO channels often exhibit

sparse behavior, where only a few dominant propagation paths contribute significantly to

the channel response. While sparsity can theoretically simplify estimation, it also intro-

duces vulnerability, the channel becomes more sensitive to noise, estimation errors, and

rapid time variations. If sparse CSI is inaccurately estimated or outdated, it leads to chan-

nel mismatch, reduced beamforming gain, degraded spatial multiplexing performance,

and lower spectral efficiency. Therefore, although massive MIMO promises substantial

capacity and reliability enhancements, its practical implementation remains limited by

heavy CSI acquisition requirements, strict feedback constraints, and the inherently unre-

liable and time varying nature of sparse wireless channels.
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CSI refers to the comprehensive knowledge of the properties of a wireless communica-

tion channel, usually represented by the channel gain matrix [55]. It characterizes how

a transmitted signal propagates through the wireless medium from the transmitter to the

receiver. This includes the combined effects of reflection, scattering, refraction, multipath

fading, Doppler spread, and power attenuation with distance. By knowing channel matrix,

the transmitter and receiver can understand how each antenna path modifies the amplitude

and phase of the transmitted signal. CSI can be classified as either instantaneous (short

term) or statistical (long term). Instantaneous CSI reflects the channel conditions at a spe-

cific moment in time, while statistical CSI models the long term behavior of the channel.

In modern multi-antenna systems, such as MIMO and massive MIMO, CSI is crucial for

enabling advanced techniques like beamforming, power optimization, adaptive modula-

tion and coding, and spatial multiplexing [56].

The importance of CSI lies in its direct influence on wireless system reliability, efficiency,

and data throughput. Accurate CSI allows transmitters to dynamically adapt transmission

parameters based on real-time channel variations, ensuring higher data rates and better

link quality. For example, when channel conditions are favorable, higher order modula-

tion schemes such as 64-QAM or 256-QAM can be used; when the channel deteriorates,

the system can switch to more robust modulation and coding. In MIMO systems, CSI

enables spatial multiplexing, allowing multiple data streams to be transmitted simultane-

ously over the same frequency band, thereby significantly increasing spectral efficiency

significantly. However, obtaining precise CSI becomes challenging in large scale sys-

tems due to increased dimensionality, mobility of users, and environmental changes. Sys-

tems like massive MIMO require frequent and large CSI feedback, which leads to huge

computational burden and signaling overhead. Therefore, CSI remains a fundamental yet

technically demanding aspect of modern wireless communication system design.

1.4.2 Compressive Sensing for CSI Feedback Reduction

Compressed Sensing (CS)-based methods [57] utilize the sparsity of wireless channels

to reduce the feedback overhead in massive MIMO systems. By assuming that only a
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small number of dominant channel components are significant, CS reconstructs the full

channel information from fewer measurements, helping to reduce the required feedback

bandwidth. However, these methods also face several limitations in practice. Their per-

formance is heavily dependent on the assumption of channel sparsity, which may not al-

ways hold true in realistic propagation environments where channels are less structured

or rapidly varying [58].

Additionally, CS-based techniques often require computationally expensive operations,

such as large scale discrete Fourier transform (DFT) calculations, making real-time imple-

mentation challenging in large systems [59]. When the channel is not sufficiently sparse,

reconstruction accuracy degrades significantly, leading to poor CSI quality and reduced

communication performance. Therefore, despite their theoretical advantages, CS-based

methods demand new, adaptive, and more efficient CSI feedback mechanisms to ensure

robust performance under practical wireless conditions.

1.4.3 DL-Assisted CS for CSI Feedback Reduction

DL, a specialized branch of machine learning, is primarily driven by artificial neural net-

works (ANNs) [60], which are computational models inspired by the structure and func-

tioning of human brain neurons. An ANN consists of interconnected processing nodes

(neurons), and unlike traditional algorithms that rely heavily on handcrafted mathemati-

cal modeling, DL learns complex patterns directly from data. This data-driven learning

approach enables DL to model highly nonlinear relationships, making it suitable for com-

plicated signal processing tasks such as CSI compression, prediction, and reconstruction

in massive MIMO systems [61]. Unlike conventional frameworks where fixed mathe-

matical formulas dictate the system behavior, DL-based systems store information across

the network weights, offering improved reliability, adaptive learning capability, and fault

tolerance in the presence of channel variability.

In the context of CSI acquisition and feedback, DL-based methods bring significant ad-

vantages over traditional approaches such as CS [62]. First, DL eliminates the requirement
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for strict sparsity assumptions and instead learns channel structure from real or simulated

datasets, allowing it to adapt to practical channels that may not always be sparse. Second,

DL can achieve very high compression efficiency, significantly reducing the CSI feedback

load while still maintaining strong reconstruction performance. Through trained neural

autoencoders or deep CNN/Transformer-based networks, the system can learn compact

channel representations and reconstruct full CSI at the receiver with high accuracy. This

helps mitigate the large feedback overhead challenge that affects massive MIMO systems,

especially in FDD-based architectures.

Moreover, DL-based methods provide improved robustness under noisy transmission con-

ditions, rapid channel fluctuations, and hardware impairments [63]. Since the learning

process incorporates real world channel distortions and nonlinear propagation effects, DL

models can exploit their internal learned representations to achieve better generalization

and higher accuracy compared to classical statistical or CS-based estimators. These bene-

fits compression efficiency, accurate reconstruction, and robust performance under inter-

ference and noise make deep learning a powerful and scalable solution for next-generation

wireless communication systems, enabling more efficient and reliable CSI feedback in

large scale massive MIMO deployments.

Here are some important features and limitations of DL:

DL, a powerful subset of machine learning based on artificial neural networks (ANNs), has

emerged as a transformative tool for modern wireless communication systems. By mim-

icking the learning behavior of biological neurons through interconnected layers, ANNs

are capable of capturing highly complex nonlinear relationships in data. This makes DL

particularly well suited for data-driven modeling tasks such as CSI compression, recon-

struction, channel estimation, and beamforming in massive MIMO systems. Unlike tra-

ditional model-based approaches, DL learns directly from data, allowing it to adapt to

dynamic wireless environments and hardware imperfections with minimal prior assump-

tions.

One of the most significant advantages of DL in massive MIMO lies in its ability to
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achieve high compression efficiency and superior reconstruction accuracy. DL-based CSI

feedback frameworks can extract compact yet highly informative representations of high-

dimensional channel matrices, substantially reducing feedback overhead especially crit-

ical in FDD systems. At the receiver, DL enables highly accurate CSI reconstruction,

which directly improves channel estimation, precoding, and overall system throughput.

Moreover, DL models exhibit strong robustness to noise, interference, and real-world

channel impairments, ensuring reliable performance even under challenging propagation

conditions.

Despite these advantages, DL also introduces several important challenges in large-scale

wireless systems. Training deep models requires massive CSI datasets to achieve high

accuracy and generalization capability, which can be difficult and costly to obtain. The

computational complexity of deep networks is high, leading to increased energy consump-

tion and latency, particularly in real-time massive MIMO deployments. Furthermore, DL

modelsmay suffer from slow convergencewhen dealingwith very high-dimensional chan-

nels, making their direct implementation in practical large-scale systemsmore challenging

without further optimization and model compression techniques.

1.4.4 Transform-Assisted DL-Driven Frameworks

ANNs have demonstrated strong learning capability for complex wireless communication

tasks, including CSI compression and reconstruction. However, their application in mas-

sive MIMO systems brings several challenges. As the dimensionality of CSI increases

with the number of antennas, ANN-based models require large training datasets to learn

meaningful relationships, making data collection and labeling expensive. Moreover, the

computational effort required to train deep ANN architectures becomes significant, lead-

ing to slow convergence, high memory usage, and increased processing time. This com-

plexity translates into higher power consumption, making standard ANN solutions less

practical for real-time deployment in large scale massive MIMO systems.

To overcome these drawbacks, the thesis proposes Transform-assistedDL frameworks that
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combine the adaptability of neural networks with the mathematical efficiency of signal

transforms. Instead of relying solely on deep layers to learn feature representations, the

proposed models utilize transforms such as the discrete Rajan transform (DRT), discrete

Hadamard transform (DHT), and a noise-aware DeNoNet structure to extract compact and

discriminative CSI features. This hybrid approach reduces the dependency on excessively

deep architectures and minimizes the overall number of trainable parameters. As a result,

the models achieve faster convergence, lower computational cost, and reduced energy

consumption, addressing key limitations of conventional ANN-based solutions.

Furthermore, by incorporating transform domain processing before neural decoding, the

proposed frameworks deliver better performance in noisy, dynamic, and practical deploy-

ment environments. The transforms help in compactly representing CSI, allowing more

efficient encoding and transmission with significantly lower feedback overhead. Mean-

while, the neural network components ensure robust reconstruction and improved nonlin-

ear approximation capability. Together, this synergy results in substantial improvements

in reconstruction accuracy, resilience to interference, and scalability for future 5G and

beyond wireless systems, offering a practical and high performance solution for massive

MIMO CSI feedback.

ANNs have shown strong potential for CSI processing in massive MIMO systems. How-

ever, they suffer from several critical limitations. Large-scale ANN models incur high

computational complexity due to the massive number of parameters required to learn

high-dimensional CSI. Their performance is also heavily dependent on the availability

of large labeled training datasets, which are difficult and costly to obtain in practical wire-

less environments. Furthermore, ANN training often experiences slow convergence when

dealing with high-dimensional channel data, and the extensive matrix computations lead

to high energy consumption, making direct ANN deployment challenging for real-time,

large-scale wireless systems.

The need for efficient CSI feedback mechanisms is therefore increasingly critical in mas-

siveMIMO, especially in FDD systems where downlink CSImust be explicitly fed back to
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the BS. As the number of antennas grows, the CSI dimension increases drastically, caus-

ing severe feedback overhead, latency, and signaling congestion. This feedback burden

directly limits real-time deployment, system scalability, and overall spectral efficiency.

Consequently, efficient CSI compression and accurate reconstruction have become fun-

damental requirements for practical massive MIMO operation.

To address these challenges, transform-assisted deep learning frameworks have emerged

as a powerful solution. These approaches integrate mathematical transforms such as DRT,

DHT, and DeNoNet with neural networks to first obtain a compact and sparse CSI rep-

resentation before neural processing. This strategy significantly reduces the number of

trainable parameters, lowers processing time, and improves convergence speed. More-

over, transform-domain sparsification enhances reconstruction accuracy and robustness

to noise, while also enabling a substantial reduction in CSI feedback overhead. As a re-

sult, these hybrid frameworks offer faster learning, lower energy and computational re-

quirements, and superior performance under practical wireless channel conditions, mak-

ing them highly suitable for real-time deployment in 5G and upcoming 6GmassiveMIMO

systems.

1.4.4.1 Transform Selection Criteria for CSI Compression

The selection of a transform for CSI compression should be based on a set of mathematical,

statistical, and implementation oriented criteria rather than solely on reconstruction perfor-

mance. A suitable transform should generate a sparse and compact representation of the

channel while preserving the essential information required for accurate reconstruction.

The primary criterion is energy compaction, which measures the ability of a transform to

concentrate most of the channel energy into a small number of coefficients. This can be

quantified as

EK =
∑K

i=1 |xi|2∑N
i=1 |xi|2

, (1.1)

where xxx = Thhh denotes the transformed CSI vector and K ≪ N . A larger value of

EK indicates that the transform captures most of the channel information using fewer

coefficients, thereby enabling higher compression efficiency. Closely related to energy
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compaction is sparsity generation, which reflects the ability of the transform to reduce

the number of significant coefficients. Greater sparsity directly translates into lower CSI

feedback overhead and more effective DL-based compression.

Beyond sparsity, a suitable transform should exhibit strong de-correlation capability, in-

formation preservation, and robustness to noise. Massive MIMO channels contain sig-

nificant spatial and frequency-domain correlations, and an effective transform should re-

duce these correlations so that the transformed coefficients become nearly independent.

Furthermore, the transform should preserve the essential characteristics of the original

CSI, which can be evaluated using metrics such as NMSE and cosine similarity. Since

practical wireless environments are affected by noise, interference, mobility, and channel

estimation errors, the transformed representation should maintain its sparsity and energy-

compaction properties even under perturbations. A transform whose coefficient distribu-

tion remains stable under varying channel conditions is generally more reliable for real-

world deployment.

DFT is particularly effective for channels exhibiting strong stationary and frequency se-

lective characteristics. In environments where the channel contains well defined angular-

delay structures and dominant multipath components remain relatively stable, the sinu-

soidal basis functions of the DFT provide excellent energy compaction and sparse rep-

resentations. The availability of efficient FFT implementations further makes the DFT

computationally attractive with complexity O(N logN). However, because the DFT re-

lies on a fixed sinusoidal basis, its performance may degrade when the channel becomes

irregular, only approximately sparse, or subject to changes in antenna ordering and scat-

tering patterns.

DRT is more suitable for irregular, non-stationary, and dynamically varying channels.

Its recursive basis structure enables it to adapt more effectively to localized channel fea-

tures, non-uniform energy distributions, and time-varying propagation conditions. Con-

sequently, DRT often achieves superior sparsity and energy concentration in channels that

do not conform well to conventional Fourier-domain representations.

19



CHAPTER 1. INTRODUCTION

DHT is particularly attractive when computational efficiency and hardware simplicity are

primary design objectives. TheDHT employs orthogonal binary basis functions consisting

only of +1 and −1, allowing implementation through additions and subtractions without

requiring multiplications. This property significantly reduces computational complexity,

power consumption, and hardware cost, making it highly suitable for resource-constrained

user equipment and real-time CSI feedback systems. In addition, the DHT preserves sig-

nal energy through its orthogonal structure and often provides strong energy compaction

for highly correlated massive MIMO channels. Therefore, a general transform-selection

framework should jointly consider energy compaction, sparsity, decorrelation capability,

reconstruction fidelity, robustness, and computational complexity. Under this framework,

DFT is preferred for spectrally structured and stationary channels, DRT is advantageous

for irregular and dynamically varying channels, and DHT is particularly effective for

highly correlated massive MIMO channels where both reconstruction performance and

hardware efficiency are critical design requirements.

1.4.5 Impact of Sparse CSI Estimation Accuracy on Beamforming,

Spatial Multiplexing, and Spectral Efficiency

The accuracy of sparse CSI estimation is fundamentally linked to beamforming gain, spa-

tial multiplexing performance, and spectral efficiency because CSI serves as the basis for

all transmission decisions at the BS. In massive MIMO systems, beamforming vectors are

designed using the estimated CSI to direct energy toward the intended user. When the

sparse CSI is estimated accurately, the beamforming vector closely aligns with the true

channel direction, resulting in maximum array gain and received signal power. However,

if the CSI is inaccurately estimated or becomes outdated due to feedback delay, a mismatch

occurs between the actual channel and the estimated channel. This mismatch causes beam

misalignment, reduces the received signal strength, and increases interference leakage to

other users. Consequently, the effective SNR decreases, leading to lower data rates and

reduced spectral efficiency.
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The impact is even more significant in spatial multiplexing systems, where multiple data

streams are transmitted simultaneously using the spatial dimensions of the channel. Ac-

curate CSI is required to separate users and data streams effectively and to design pre-

coders that minimize inter-stream interference. Errors in sparse CSI estimation distort the

channel subspace and weaken the orthogonality between different transmission paths, re-

sulting in increased interference and degraded multiplexing performance. Since spectral

efficiency depends directly on the achievable SNR and the number of reliably supported

spatial streams, any reduction in CSI accuracy ultimately translates into lower system

capacity and throughput. Therefore, sparse CSI estimation accuracy is not merely a re-

construction quality metric, it directly determines the effectiveness of beamforming, the

achievable spatial multiplexing gain, and the overall spectral efficiency of the wireless

communication system. This relationship should indeed be clearly introduced in the in-

troductory chapter to emphasize the practical importance of accurate CSI compression and

reconstruction.

1.5 Thesis Structure and Contributions

The structure of the thesis are as follows:

Chapter 1: Introduction–This chapter provides an overview of the fundamental concepts

and existing mechanisms related to CSI acquisition and feedback in massive MIMO sys-

tems. It discusses the limitations of traditional CS-based techniques and highlights the

motivation for adopting DL-based approaches to enhance compression efficiency, recon-

struction accuracy, and robustness under practical conditions. The chapter further outlines

the key challenges addressed in this research work and briefly introduces the transform-

assisted DL frameworks proposed in this thesis as potential solutions to overcome these

limitations.

Chapter 2: A Review on DL applications in CSI Feedback Reduction–This chapter ex-

plores the existing literature on the researches on CSI feedback reduction in massive

MIMO. Recent research on CSI feedback has focused on enhancing compression effi-
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ciency and reconstruction accuracy through both CS and DLmethods. Adaptive CS-based

techniques exploit spatial and block sparsity to reduce pilot overhead and complexity,

while iterative models like LASSO and AMP-Net improve sparse signal recovery. DL-

based frameworks such as CsiNet and CsiNet+ employ end-to-end encoder decoder archi-

tectures for compact CSI representation. Extensions including CRNet, PRVNet, TransNet,

DeepAE and CSI-StripeFormer leverage multi resolution and Transformer based mecha-

nisms for higher accuracy. Despite their success, high computational demands motivate

hybrid transform integrated DL architectures for scalable and energy efficient CSI feed-

back.

Chapter 3: DRT-Assisted DL for Massive MIMO CSI Feedback Reduction–This chap-

ter introduces the importance of minimizing CSI feedback overhead which is a critical

requirement in 5G and upcoming 6G massive multiple input multiple output (MIMO)

systems. Although CS-based techniques have been explored to tackle this issue, the use

of the DFT introduces considerable computational complexity. To overcome this limi-

tation, this study proposes a novel DRT-based DL framework for efficient CSI feedback

enhancement in massive MIMO networks. Simulation results demonstrate that the pro-

posed DRT-based model achieves performance gains of 126.19% and 81.81% in cosine

correlation and normalized mean square error (NMSE), respectively, compared to the con-

ventional DFT-based DL approach across various signal-to-noise ratio (SNR) conditions.

Furthermore, the DRT-based algorithm exhibits robust performance under low SNR en-

vironments, underscoring its suitability for practical large scale wireless communication

systems.

Chapter 4: Hadamard Transform Enhanced DL for Massive MIMO CSI Feed-

back Reduction–Building upon the concept of transform-based learning, we presents

HaDLeMO, a deep learning framework leveraging the DHT. The DHT offers low com-

putational complexity, permutation invariance, and high energy compaction, enabling

efficient CSI representation within a CS-DL architecture. Through extensive simula-

tions, HaDLeMO demonstrates significant performance gains achieving improvements of

109.52% in cosine correlation and 257.14% in NMSE compared to the DFT-based DL
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algorithm. The method exhibits rapid convergence, reduced training complexity, and

resilience across diverse SNR scenarios, making it a practical candidate for large scale

5G/6G massive MIMO systems.

Chapter 5: Deep Learning Based Denoising in FDD Massive MIMO–In this Chapter,

our research introduces DeNoNet, a DL-based denoising network designed to handle the

effects of channel interference, noise, and nonlinearities in CSI feedback. DeNoNet en-

codes CSI into compact, noise resistant representations that facilitate accurate reconstruc-

tion under degraded conditions. Simulation analysis indicates that DeNoNet surpasses the

DRT-based DL approach by 113.18% in NMSE and 72.72% in cosine correlation (ρ). The

model performs exceptionally well under low SNR conditions, where traditional models

typically fail, validating its robustness and adaptability for real time wireless communica-

tion environments.

Chapter 6: CDN and its Comparison with CNN for CSI Feedback Reduction in Massive

MIMO–To further validate the effectiveness of the proposed frameworks, this chapter

evaluates the performance of Convolutional Neural Network (CNN) and Channel De-

noising Network (CDN) architectures against the baseline DeepAE model. The results

show that the CNN-based DFT model achieves a cosine similarity of 0.770, while the

CDN model improves this to 0.890, compared to 0.567 for DeepAE. Similarly, NMSE

improves from −5.33 (DeepAE) to −11.42 (CNN-based DFT) and −16.30 (CDN). These

consistent gains across SNR levels up to 10 dB demonstrate the superior noise handling

capabilities and structural efficiency of the proposed DL- based methods. Furthermore,

both the CNN-based DFT and CDN frameworks show strong performance in low SNR en-

vironments, underscoring their suitability for real world 5G/6G applications that demand

reliability under varying channel conditions.

Chapter 7: Conclusion–This chapter summarizes the key outcomes of the research fo-

cused on efficient CSI feedback in massive MIMO systems using transform-assisted DL

frameworks. It highlights how the proposed DRT, DHT (HaDLeMO), and DeNoNet ar-

chitectures achieve improved accuracy, robustness, and computational efficiency com-
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pared to conventional DFT-based and autoencoder-based models. The chapter concludes

that hybrid mathematical-neural approaches effectively capture channel sparsity and offer

a promising direction for low complexity, high performance CSI feedback in future 6G

networks.

1.5.1 Contributions

The major contributions of this thesis are summarized as follows:

1. A comprehensive investigation of conventional CS and state-of-the-art DL-based

CSI feedback techniques for massive MIMO systems has been carried out, identify-

ing their limitations in terms of computational complexity, reconstruction accuracy,

and robustness under practical wireless channel conditions.

2. A novel DRT-assisted deep learning framework has been proposed for CSI compres-

sion and reconstruction. By exploiting the sparsity-enhancing capability of DRT,

the proposed framework achieves performance improvements of 126.19% in cosine

correlation and 81.81% in NMSE compared with the conventional DFT-based DL

approach.

3. A HaDLeMO has been developed by integrating the DHT with a deep learning ar-

chitecture. The proposed framework leverages the low-complexity, orthogonal, and

permutation-invariant properties of DHT to achieve efficient CSI representation, re-

sulting in improvements of 109.52% in cosine correlation and 257.14% in NMSE

over the DFT-based baseline.

4. ADL-based DeNoNet has been designed to mitigate the effects of channel noise, in-

terference, and nonlinear distortions during CSI feedback. The proposed denoising

framework improves reconstruction robustness and achieves gains of 113.18% in

NMSE and 72.72% in cosine correlation compared with the DRT-based DL frame-

work.

5. A CDN has been developed and evaluated against CNN-based and DeepAE-based

CSI feedback models. Experimental results demonstrate superior reconstruction
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performance, achieving a cosine similarity of 0.890 and an NMSE of -16.30 dB,

outperforming existing benchmark approaches.

6. Extensive simulation studies have been conducted under various compression

ratios, SNR conditions, antenna dimensions, and noisy channel environments.

The results validate the effectiveness, robustness, and scalability of the proposed

transform-assisted DL frameworks for CSI feedback in massive MIMO systems.

7. The thesis demonstrates that the integration of mathematical transforms with deep

learning provides a low-complexity, energy-efficient, and highly accurate CSI feed-

back solution, making the proposed frameworks promising candidates for practical

deployment in future 5G and beyond-6G massive MIMO networks.
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Chapter 2

A Review on DL-Based CSI Feedback

Reduction in Massive MIMO

In this chapter, a comprehensive literature review on CSI feedback reduction for mas-

sive MIMO systems is presented. The discussion highlights key methodologies, their

strengths, limitations, and the evolution of strategies aimed at improving CSI compres-

sion, reconstruction accuracy, and robustness in practical wireless environments. As men-

tioned in Chapter 1, DL has emerged as a powerful solution for addressing the critical

challenge of CSI feedback reduction in massive MIMO systems for 5G and beyond. Tra-

ditional compressed sensing and codebook-based schemes struggle with high dimension-

ality, low-SNR operation, and non-sparse channel conditions. DL-based architectures

including CsiNet [64], CsiNet+ [65], CRNet [66], TransNet [67], PRVNet [68], and atten-

tion or transformer-driven models have demonstrated remarkable capability in learning

compact representations of CSI through end-to-end autoencoders. These methods signif-

icantly reduce feedback overhead, improve reconstruction accuracy, and enhance robust-

ness against noise, mobility, and hardware imperfections. Recent advances incorporate

domain transforms, multi-rate learning, denoising modules, and hybrid signal DL pro-

cessing to further boost efficiency and adaptability in real world environments [69]. Our

focus in this thesis is on domain transforms and denoising models for CSI-feedback re-

duction in massive MIMO systems.



CHAPTER 2. A REVIEW ON DL-BASED CSI FEEDBACK REDUCTION IN
MASSIVE MIMO

2.1 Overview

Accurate downlink CSI at the transmitter is essential for beamforming, precoding, and

spatial multiplexing in multi-antenna wireless systems. In FDD massive MIMO, the BS

cannot rely on uplink-downlink reciprocity and therefore depends on explicit CSI feed-

back from the UE [70]. As antenna counts grow into the tens or hundreds, due to uplink

bandwidth limits and computational complexity, direct feedback of the entire downlink

CSI is no longer possible. Conventional CS frameworks [71] exploit sparse channel rep-

resentations in a transform domain to reduce dimensionality. However, in practice CS

frameworks suffer from performance loss when channels are not strictly sparse and from

the high complexity of iterative solvers and DFT-based transforms. These limitations have

motivated the application of DL to learn compact, nonlinear mappings between high di-

mensional CSI and low dimensional codewords, enabling dramatic reductions in feedback

overhead while improving reconstruction fidelity [72, 73].

2.1.1 Basic Introduction

With rapid globalization and unprecedented advancements in technology, modern wire-

less networks are experiencing explosive growth in data traffic. To accommodate these

escalating demands, cellular infrastructures are now deployed with much smaller inter

site distances. Often these distances are around a few hundred meters. On the other hand,

wireless local area networks (WLANs) have become ubiquitous across homes, commer-

cial establishments, and public environments [4]. Beyond the surge in mobile broadband

usage, emerging paradigms such as the Internet of Things (IoT) [74], machine-to-machine

(M2M) communication [75], Industry 4.0 [76], and smart city ecosystems collectively

generate massive [77], continuous volumes of wireless traffic. Consequently, users in-

creasingly depend on high speed, low latency connectivity for video calling, ultra-HD

streaming, online gaming, virtual collaboration, and engagement with social media plat-

forms. These services have been made possible by the evolution of wireless technologies

from 3G systems to 4G LTE, and more recently to 5G networks, which offer enhanced

reliability, drastically reduced latency, and multi gigabit data rates.
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Early generations of cellular communication followed the concept of dividing a geo-

graphic region into cells. Each cell was served by a fixed base station. These systems

initially relied on single input single output (SISO) antenna configurations which used one

transmit antenna and one receive antenna [78]. While SISO systems are simple and easy

to implement, they offered limited capacity, poor spectral efficiency, and were highly sus-

ceptible to multipath fading. To address these limitations, MIMO systems were introduced

[79]. MIMO employed multiple antennas at both the transmitter and receiver, enabling

spatial diversity, spatial multiplexing, and improved robustness against fading. This in-

novation dramatically enhanced data throughput and spectral efficiency without requiring

additional bandwidth or increased transmit power. MIMO marked a transformative mile-

stone in wireless communication.

However, as global data consumption surged due to smartphones, real time applications,

IoT connectivity, and the demands of 5G use cases, conventional MIMO systems suf-

ficed limitations. These limitations led to the emergence of massive MIMO [80], where

base stations are equipped with tens to hundreds of antennas. Massive MIMO delivers

substantial gains in spectral efficiency, user capacity, and energy efficiency by forming

highly directional beams and achieving large scale spatial multiplexing. Modern 5G and

upcoming 6G networks extend this paradigm further by integrating massive MIMO with

advanced technologies such as millimeter wave (mmWave) communications, hybrid ana-

log digital beamforming [81, 82], reconfigurable intelligent surfaces (RIS) [83, 84], and

AI-driven channel estimation [85, 86]. These advancements collectively enable ultra high

data rates, extremely low latency, massive device connectivity, and robust performance

under diverse propagation conditions forming the backbone of next generation wireless

communication systems.

2.1.2 Important Techniques for 5G and Next Generations

To achieve the challenging performance objectives of 5G and future 6Gwireless networks,

a range of advanced enabling technologies has been proposed and extensively investi-

gated. These next-generation systems are driven by innovations such as millimeter-wave

29



CHAPTER 2. A REVIEW ON DL-BASED CSI FEEDBACK REDUCTION IN
MASSIVE MIMO

(mmWave) communication for multi-gigabit data rates, ultra-dense small-cell deploy-

ments for improved coverage, and intelligent beamforming for highly directional and en-

ergy efficient transmission. In addition, emerging paradigms including device-centric ar-

chitectures, full-duplex communication, terahertz (THz) bands, visible light communica-

tion (VLC), and massive MIMO systems significantly enhance network capacity and flex-

ibility. With, these technologies form the foundation for supporting ultra-high throughput,

low latency, massive connectivity, and superior spectral efficiency required in 5G and be-

yond networks.

Traditionally, cellular communication has operated below 6GHz, while higher frequencies

have been reserved for applications such as medical imaging, remote sensing, and radio

astronomy [87]. However, the exponential growth in mobile data traffic has resulted in

severe spectrum overload, limiting per user bandwidth and degrading service quality. To

address this challenge, research has increasingly focused on extending wireless commu-

nication to frequencies above 6 GHz, particularly mmWave bands [88]. Operating in the

30–300 GHz range, mmWave communication offers bandwidths nearly ten times larger

than the entire 4G spectrum [89]. Despite this potential, mmWave signals suffer from high

path loss, limited penetration, and sensitivity to blockages and rain attenuation, which have

historically restricted their use in mobile broadband [90, 91].

As data demand continues to accelerate and 6G development progresses, spectrum beyond

mmWave is becoming essential. The THz band (300 GHz–3 THz) provides vast unused

bandwidth and offers advantages such as low interference, enhanced security, compact an-

tennas, and highly directional beams [92, 93]. These properties make THz communication

attractive for applications including holographic telepresence, Industry 4.0, and ultra-high

speed data transmission. However, THz systems face major challenges, including severe

propagation loss, complex antenna and circuit design, and mobility management [94]. To

address these issues, ultra-massiveMIMO (UM-MIMO) has emerged, utilizing plasmonic

materials such as graphene to enable nanoscale antenna arrays capable of operating effi-

ciently in the THz band [95]. While promising, THz UM-MIMO requires further research

in channel estimation, beamforming, precoding, and signal processing [96].
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Another important enabler for future networks is full-duplex communication, which al-

lows simultaneous transmission and reception on the same frequency band, potentially

doubling spectral efficiency [97, 98]. While self interference remains a key challenge, ad-

vanced cancellation techniques have demonstrated the feasibility of full-duplex operation

in practical systems [99, 100]. VLC represents a complementary short-range optical wire-

less technology that utilizes the visible spectrum (380–780 nm) for data transmission [101,

102]. By modulating light intensity using IM/DD at imperceptible frequencies above 200

Hz, VLC enables high speed, secure, and interference free communication while main-

taining illumination quality [103, 104]. VLC channel characteristics have been studied

extensively in indoor, underground, and outdoor environments, demonstrating its suit-

ability for diverse deployment scenarios [105, 106, 107, 108].

Beamforming plays a critical role across massive MIMO and mmWave systems by en-

abling dynamic shaping and steering of antenna radiation patterns toward intended users

while suppressing interference [109]. In massive MIMO, beamforming improves spectral

efficiency and reliability through spatial focusing and coordinated transmission from large

antenna arrays [110]. For mmWave links, highly directional beams compensate for severe

attenuation and extend communication range [111].

2.1.3 Massive MIMO Systems

MIMO technology has become a cornerstone of modern wireless communication systems,

enabling significant gains in spectral efficiency, reliability, and energy efficiency. Prior

to its introduction, conventional single-input single-output (SISO) systems [112] suffered

from low throughput and were incapable of supporting large numbers of users with high

reliability. To address growing user demand, several MIMO advancements were devel-

oped, including single-userMIMO (SU-MIMO) [113, 3], multi-user MIMO (MU-MIMO)

[114, 115, 116, 117], and network MIMO [118, 119].

Single-user MIMO [120] represents the earliest and most fundamental form of multi-

antenna communication, where multiple transmit and receive antennas are used to serve
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a single user over a point-to-point link. The pioneering work by Paulraj et al. [113],

demonstrated that employing multiple antennas can significantly increase channel capac-

ity through spatial diversity and spatial multiplexing, without requiring additional band-

width or transmit power. This concept was further formalized by Foschini et al. [3], who

showed that, under rich scattering environments, the capacity of a MIMO channel grows

linearly with the minimum number of transmit and receive antennas. In [121], SU-MIMO

has been widely adopted in standards such as LTE and Wi-Fi to enhance peak data rates

and link reliability. However, since it serves only one user at a time, its scalability is

limited in dense networks with many active users.

Multi-user MIMO extends the MIMO concept by allowing a BS equipped with multiple

antennas to simultaneously serve multiple users on the same time-frequency resources.

Spencer et al. [114], provided an early introduction to MU-MIMO systems, highlighting

their ability to significantly improve system throughput by exploiting spatial separation be-

tween users. Subsequent works investigated practical aspects such as precoding, schedul-

ing, and performance evaluation under realistic channel conditions [115, 116]. Jiang et

al. [117], analyzed multi-user precoding strategies and demonstrated that MU-MIMO can

substantially outperform SU-MIMO in terms of spectral efficiency, especially in multi-

cell environments. MU-MIMO forms the basis of modern cellular downlink transmission

in LTE-Advanced and 5G. However, its performance is highly dependent on accurate CSI

and efficient user scheduling.

Network MIMO, also known as coordinated multipoint (CoMP) transmission [122], fur-

ther generalizes MU-MIMO by allowing multiple BS to cooperate and jointly serve users.

Instead of treating inter-cell interference as noise, network MIMO exploits it as a useful

signal through joint processing. Hui et al. [118], analyzed the performance benefits of

network MIMO and showed that BS cooperation can significantly improve cell-edge user

rates. Caire et al. [119], considering the cellular architecture and demonstrated that large-

scale cooperation among BS can approach the performance of a single large distributed

antenna system. While network MIMO offers notable gains in spectral efficiency and

fairness, it introduces substantial challenges related to transportation capacity, synchro-

32



CHAPTER 2. A REVIEW ON DL-BASED CSI FEEDBACK REDUCTION IN
MASSIVE MIMO

nization, and CSI sharing, which have limited its large-scale practical deployment.

While these techniques improved performance, they remained insufficient for the expo-

nential rise in wireless devices and data consumption. In addition to mobile users, billions

of IoT devices spanning smart healthcare, smart homes, industrial automation, and smart

energy have further intensified traffic demands, with projections estimating nearly 50 bil-

lion connected devices by 2025. The MIMO solutions deployed in 4G/LTE networks are

therefore unable to cope with this unprecedented surge in data volume and reliability re-

quirements.

To overcome these limitations, 5G and beyond networks have turned to massive MIMO, a

transformative extension of conventional MIMO that employs large scale antenna arrays

comprising hundreds or even thousands of antennas at the base station to simultaneously

serve numerous users [123, 124, 125, 126]. By dramatically increasing the number of an-

tennas, massive MIMO enables highly focused and directional beamforming, concentrat-

ing radiated energy into narrow spatial regions. This spatial focusing not only enhances the

desired user’s signal strength but also reduces interference to neighboring users, substan-

tially improving both spectral efficiency and throughput [127]. Numerous studies have

demonstrated the significant advantages of massive MIMO over traditional MIMO archi-

tectures, highlighting its potential as a key enabler for 5G and future wireless networks

[128, 125, 129]. Here different configurations of massive MIMO systems are explained.

2.1.3.1 Co-located Massive MIMO

Co-locatedmassiveMIMO refers to the conventional architecture where a large number of

antennas are deployed at a single BS site. This is the most studied and standardized form

of massive MIMO and forms the backbone of current 5G deployments [130]. Early foun-

dational work by Marzetta [131], established that co-located massive MIMO can achieve

near-optimal performance using simple linear processing such as maximum ratio com-

bining (MRC) and zero forcing (ZF) as the number of antennas grows large. Subsequent

studies focused on channel hardening, favorable propagation, pilot contamination, and

low-complexity precoding and detection schemes [132]. Extensive experimental valida-
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tions and testbeds have demonstrated that co-located massive MIMO can achieve very

high spectral and energy efficiency with relatively simple hardware, making it practical

for real-world cellular networks. However, performance degradation at cell edges and

pilot contamination remain key challenges.

2.1.3.2 Cell-Free Massive MIMO

Cell-free massive MIMO is an evolution of the co-located [133] architecture in which a

large number of geographically distributed access points (APs), each with a few antennas,

jointly serve all users without cell boundaries [134]. Introduced to overcome inter-cell

interference and edge user performance limitations, cell-free massive MIMO provides

uniformly good service quality across the coverage area. Research by Ngo et al. [135]

showed that coherent joint transmission from distributed APs significantly improves fair-

ness and spectral efficiency. Subsequent works investigated scalable fronthaul architec-

tures, power control, pilot assignment, and distributed signal processing. While cell-free

systems reduce pilot contamination and shadowing effects, they introduce new challenges

such as fronthaul capacity constraints, synchronization, and distributed CSI acquisition,

which remain active research topics for 5G and beyond-6G systems [136].

2.1.3.3 Terahertz (THz) Massive MIMO

THz [137] massive MIMO extends massive MIMO concepts to the terahertz frequency

band (300 GHz-3 THz), which offers enormous unused bandwidth for 5G future 6G com-

munications [138]. Due to extremely high path loss at THz frequencies, very large an-

tenna arrays are required to achieve sufficient beamforming gain. Research in this area

focuses on ultra-massive MIMO (UM-MIMO), where thousands of nano-scale antennas

are enabled using plasmonic materials such as graphene [139]. Studies have explored THz

channel modeling, hybrid beamforming, beam squint effects, and molecular absorption.

Although THz massive MIMO promises ultra-high data rates, it faces significant chal-

lenges related to hardware realization, channel estimation, beam alignment, and mobility

management, making it a long-term research direction rather than an immediate deploy-
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ment solution [140].

2.1.3.4 Single-User Massive MIMO (SU-Massive MIMO)

Single-user massive MIMO focuses on serving one user with a very large number of BS

antennas, primarily to maximize link reliability and peak data rates [141]. Early theoret-

ical work demonstrated that SU-massive MIMO achieves enormous array and diversity

gains, making the channel nearly deterministic. Research in this area has concentrated

on beamforming design, channel estimation accuracy, and hardware impairments [142].

SU-massive MIMO is particularly attractive for fixed wireless access, backhaul links, and

high-reliability communications. However, it does not fully exploit the spatial multiplex-

ing potential of massiveMIMO and is therefore often considered a special case or building

block for multi-user systems [143, 144].

2.1.3.5 Multi-User Massive MIMO (MU-Massive MIMO)

Multi-user massive MIMO [145] is the most practically relevant form, where a BS simul-

taneously serves many users on the same time-frequency resources using spatial multi-

plexing. Research has shown that MU-massive MIMO can dramatically increase system

capacity and spectral efficiency by separating users in the spatial domain [146]. Key

studies have investigated linear and nonlinear precoding schemes, user scheduling, pilot

contamination mitigation, and fairness optimization. MU-massive MIMO is central to

5G NR standards and commercial deployments. However, its performance strongly de-

pends on accurate CSI, making CSI acquisition and feedback overhead critical challenges

especially in FDD systems [147].

2.1.3.6 Massive MIMO with Non-Orthogonal Multiple Access (NOMA)

The integration of NOMAwith massiveMIMO aims to further enhance spectral efficiency

by allowing multiple users to share the same spatial beam using power-domain multiplex-

ing [148]. Research has demonstrated that massive MIMO-NOMA systems [149] can

outperform conventional orthogonal multiple access schemes in terms of user connectiv-
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ity and throughput, particularly in dense networks. Studies focus on power allocation,

user pairing, beamforming design, and successive interference cancellation (SIC) [150].

While promising, massive MIMO-NOMA systems face increased receiver complexity,

error propagation in SIC, and challenging resource allocation problems, which limit their

practical deployment [151, 152].

2.1.3.7 Learning-Assisted Massive MIMO

More recently, DL and machine learning (ML) techniques have been incorporated into

massive MIMO systems to address challenges such as CSI estimation, feedback reduc-

tion, beam selection, and interference management [153, 154]. Data-driven models such

as CNNs, ANNs, autoencoders, and transformer-based networks have been shown to out-

perform conventional model-based methods in complex and dynamic environments [155].

Research has explored DL-assisted precoding, CSI compression, channel prediction, and

hybrid beamforming [156]. Although massive MIMO based on learning offers strong per-

formance gains, issues such as training data requirements, generalization, computational

complexity, and real-time deployment remain open challenges [157].

2.1.3.8 Significance of Massive MIMO in 5G Networks & Beyond

Note that as for as 5G& beyond networks are convened, massiveMIMO has becomemore

essential for 5G and beyond networks due to its ability to handle massive wireless traf-

fic, device density, and high-rate applications such as IoT, AR/VR, and real-time video

services. On the other hand, MIMO systems cannot deliver the required spectral effi-

ciency and reliability demanded by modern applications, while massive MIMO equipping

BS with 64 to 128 (or more) antennas provides over 10 times higher spectral efficiency,

improved energy efficiency, and substantial data-rate enhancements through spatial mul-

tiplexing and narrow beamforming [123]. Real world deployments further validate its

practicality. The Lund-Bristol experiment demonstrated a record spectral efficiency of

145.6 bits/s/Hz using 128 antennas at 3.51 GHz [158, 159], and commercial operators

like SoftBank [160], Vodafone [161], Nokia, Samsung, and Sprint have successfully im-
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plemented massive MIMO in live LTE and 5G networks, achieving multi-hundred-Mbps

to gigabit level performance. Its advantages such as high reliability, reduced fading, lower

latency, enhanced physical layer security, user tracking precision, and low-power oper-

ation using ultra-low-power amplifiers make it an important technology for supporting

billions of devices in dense urban environments [162].

Massive MIMO offers a wide range of transformative benefits that make it a very impor-

tant technology for 5G and upcoming networks. By employing large antenna arrays, mas-

sive MIMO can form highly directional narrow beams toward individual users, enabling

spectral efficiency gains exceeding tenfold compared to conventional 4G/LTEMIMO sys-

tems [123]. This focused beamforming also enhances energy efficiency, as the system ra-

diates power only where needed, significantly reducing overall transmission energy. The

combination of array gain and spatial multiplexing dramatically boosts data rates. This

enables simultaneous high-speed service to many users. Such high speed service capabil-

ity is demonstrated in large-scale field trials achieving record spectral efficiencies using

128-antenna base stations [162]. Massive MIMO further improves link reliability through

diversity gain and reduced fading. This ensures robust user tracking with narrow beams,

and supports low latency transmission which is essential for real-time applications [163,

164]. Its inherent resistance to interference and jamming enhances robustness, while beam

orthogonality improves physical-layer security [165]. Additionally, the large number of

antennas allows the use of low-complexity linear processing [166] (e.g., MRC and ZF).

This makes implementation more practical and cost-effective. Together, these advantages

position massive MIMO as a critical enabler of high-capacity, reliable, and secure next-

generation wireless networks.

2.1.3.9 The Challenges in Massive MIMO Systems

Massive MIMO, despite its remarkable potential, faces several fundamental challenges

that must be addressed for reliable large-scale deployment in 5G and beyond wireless sys-

tems. One of themost critical issues is pilot contamination [167], which arises when neigh-

boring cells reuse the same pilot sequences due to the limited coherence interval. This
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leads to strong inter-cell interference during channel estimation, preventing the base sta-

tion from accurately separating users’ channels even when the number of antennas grows

very large. Additionally, channel estimation [168] itself becomes significantly more com-

plex in massive MIMO, as estimating channels for tens or hundreds of antennas requires

substantial pilot overhead, computational resources, and storage. Hardware limitations

such as phase noise, finite resolution ADCs, and amplifier nonlinearities also become

more pronounced with large antenna arrays, collectively degrading system performance

[169].

Beyond estimation, massive MIMO requires efficient precoding [170] and detection [171,

172] algorithms that can scale with large antenna dimensions while keeping computational

complexity manageable. User scheduling [173, 174] becomes more challenging as well,

since large numbers of users must be coordinated while maintaining fairness, minimizing

interference, and exploiting spatial correlation. Energy efficiency [175] is another major

concern because powering, cooling, and processing across hundreds of RF chains demand

substantial resources. Although massive MIMO is theoretically robust, real deployments

face issues related to calibration errors in TDD systems, high interconnect bandwidth re-

quirements, and practical constraints on antenna array size and placement. Addressing

these challenges remains an active area of research, essential for unlocking the full bene-

fits of massive MIMO in future ultra-dense, high-capacity wireless networks.

2.1.4 Conventional CS and Sparsity Based Methods Using Massive

MIMO

CS-based feedback reduction approaches leveraged physical channel sparsity by project-

ing the high dimensional CSI onto a reduced basis (e.g., DFT/angular domain) and then

applying sparse recovery methods. CS [176] has been widely explored as a promising

solution to mitigate the prohibitive downlink CSI feedback overhead in FDD massive

MIMO systems [177]. Since massive MIMO channels exhibit spatial correlation and ap-

proximate sparsity in specific transform domains, researchers have leveraged these prop-
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erties to recover high dimensional CSI from a small number of linear measurements. Gao

et al. [178] utilized the inherent spatial correlation across large antenna arrays and pro-

posed adaptive CS-based feedback protocols that dynamically adjust compression levels

depending on instantaneous channel conditions. Their approach allows users to feed back

only a reduced set of measurements while still maintaining acceptable reconstruction ac-

curacy. Similarly, Ge et al. [179] demonstrated that temporally and spatially correlated

CSI can be transformed into an uncorrelated sparse vector, enabling the use of CS solvers

for reliable signal recovery even in under determined measurement scenarios. These foun-

dational studies established CS as a mathematically grounded strategy to reduce feedback

load without significantly compromising system performance.

CS theory, originally introduced by Donoho [180], for sparse signal processing, has at-

tracted significant attention in past years for sparse channel estimation in massive MIMO

systems [181, 182, 183, 184]. In particular, Gao et al. [182] demonstrated that mas-

sive MIMO channels exhibit joint sparsity across different antenna links. Building on

this property, a compression-based linear minimum mean square error (CLMMSE) [179]

channel estimation algorithm was proposed to reduce the high computational complex-

ity of conventional LMMSE while improving upon pure CS-based estimators. The key

idea of CLMMSE is to exploit prior channel information obtained via CS to estimate the

channel autocorrelation matrix using optimal rank reduction, rather than computing a full-

dimensional matrix. Furthermore, singular value decomposition (SVD) is employed to re-

place direct channel matrix inversion, leading to a substantial reduction in computational

complexity.

The performance of the CLMMSE algorithm strongly depends on accurate estimation of

channel sparsity. When sparsity is correctly identified, the dimension of the autocorrela-

tion matrix can be significantly reduced, resulting in further complexity savings. Conse-

quently, sparsity-adaptive estimation methods are also investigated. Traditional CS-based

estimators, such as orthogonal matching pursuit (OMP) [185] and subspace pursuit (SP)

[186], require prior knowledge of channel sparsity, which limits their practical applicabil-

ity. To overcome this, sparsity adaptive matching pursuit (SAMP) [187] was proposed,
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enabling channel recovery without explicit sparsity knowledge. However, its fixed step

size may lead to excessive iterations when the step size is smaller than the true sparsity

level. Exploiting the fact that sub-channels in massive MIMO share a common sparsity

support [182], an adaptive structured SP (ASSP) algorithm was introduced in [183]. Nev-

ertheless, the fixed step-size mechanism in ASSP restricts sparsity estimation to integer

multiples of the step size, preventing precise sparsity identification. These limitations mo-

tivate further research into more accurate and flexible sparsity adaptive channel estimation

techniques for massive MIMO systems.

In addition to algorithmic developments, researchers proposed specialized feedback ar-

chitectures for spatially correlated and massive scale systems. Sim et al. [188] presented

a compressed analog feedback strategy for spatially correlated massive MIMO systems,

showing that analog CS measurement transmission can significantly reduce overhead

while achieving a near optimal sum rate under noisy feedback channels. In [189],Wavelet-

based compression schemes were explored to exploit the energy compaction properties of

wavelet transforms, providing lower dimensional representations of correlated CSI.Mean-

while, compressed channel feedback designs such as those proposed by Shen et al. [190]

andMin Soo Sim et al. [188] introduced differential and correlation aware CS-based feed-

back mechanisms, demonstrating notable improvement in compression efficiency for cor-

related propagation environments. Two dimensional CS approaches, such as the method

proposed by Kai et al. [191], exploited joint spatial frequency sparsity to further enhance

CSI recoverability. Collectively, these studies illustrate that CS techniques can effectively

exploit structured sparsity in practical wireless scenarios, thereby reducing bandwidth and

computational burden.

These CS pipelines can reduce feedback by transmitting a small set of coefficients or

compressed measurements, but they require (i) that the channel be well represented in the

chosen basis and (ii) iterative, often computationally expensive solvers at the receiver or

BS. In practical, non ideal channels (dense multipath, mobility, hardware nonlinearity) the

sparsity assumption weakens and CS performance degrades. Additionally, the commonly

used discrete Fourier transform (DFT) or DFT like transforms introduce computational
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overhead and are not tailored to the statistical structure of the deployed environment. For

these reasons, researchers have investigated hybrid schemes that combine transform pre-

processing with adaptive sparsity estimation and lightweight estimation algorithms, yet

fundamental fragilities remain in many practical scenarios.

2.1.5 Deep Learning for Massive MIMO Systems

DL has emerged as a powerful enabling technology for massive MIMO systems due to

its strong capability to handle high-dimensional, nonlinear, and dynamic wireless envi-

ronments. Traditional optimization tools such as stochastic geometry and game theory

often demand excessive computational resources, whereas DL offers data-driven, low-

complexity alternatives for tasks such as beamforming, channel estimation, signal detec-

tion, load balancing, and spectrum optimization [192, 193]. In massive MIMO, channel

estimation can be viewed as a big-data problem, and DL models such as CNNs, ANNs,

LSTMs, and RNNs have demonstrated superior performance over conventional methods,

especially under complex channel conditions and channel aging effects. Treating CSI as

images has also enabled effective denoising and super resolution using deep networks,

leading to improved accuracy and throughput. Moreover, DL-based sparse channel esti-

mation and CSI prediction significantly reduce estimation overhead and feedback burden,

making DL a key technology for realizing reliable, high capacity massive MIMO in 5G

and beyond networks.

DL has emerged as one of the most significant breakthroughs in CSI feedback reduction

for massiveMIMO communication systems [194]. Traditional CS approaches rely heavily

on predefined sparsity assumptions and random projections to compress CSI, which limits

their performance when the channel does not exhibit strict sparsity. To overcome these

limitations, the seminal work CsiNet introduced by Wen et al. [64] marked a transforma-

tive shift toward data driven CSI compression. CsiNet employs an end-to-end encoder

decoder architecture, where the encoder at the user equipment (UE) extracts meaningful

feature maps from the channel and compresses them into a low dimensional codeword,

while the decoder at the base station (BS) reconstructs the CSI using convolutional neural
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networks. Instead of using random projection matrices as in CS methods, CsiNet learns

the nonlinear compression mapping directly from data, enabling significantly improved

NMSE and correlation performance across a wide range of compression ratios. The au-

thors also incorporated DFT preprocessing to convert the CSI into a more compact repre-

sentation, but the primary compression relies on learned representations rather than hand

designed transforms [195].

As CSI exhibits strong temporal correlation in mobile channels, researchers have extended

CsiNet to exploit this property. CsiNet-LSTM integrates long short termmemory (LSTM)

[196] units into the decoder to track temporal variations and exploit channel coherence

over time [197]. This hybrid CNN LSTM architecture significantly improves robustness

under high mobility, providing smoother reconstruction and reduced error propagation

across time slots. The success of CsiNet demonstrated that learned nonlinearmappings can

outperform classical CS techniques by largemargins, especially at aggressive compression

ratios where CS typically fails.

To further enhance adaptability and support real time varied feedback budgets, CsiNet+

was introduced by Guo et al. [65]. This extended framework incorporates multi rate com-

pression, quantization aware training, and variable length codeword generation, enabling

the system to dynamically adjust feedback overhead depending on channel conditions or

system constraints. Although CsiNet+ achieves higher reconstruction accuracy and prac-

tical quantization capability, it comes at the expense of increased network depth, higher

memory consumption, and more complex training.

Following the initial success of CsiNet and its extensions, a rich body of research has

focused on designing more advanced DL-based architectures for CSI compression and

feedback in massive MIMO systems. These models aim to capture richer spatial fre-

quency structures, enhance reconstruction fidelity, reduce computational burden, and im-

prove robustness under practical impairments such as noise, quantization, and mobility.

One notable advancement is CRNet [66], which introduces a multi resolution convolu-

tional architecture capable of extracting both fine grained and global channel features.
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By expanding the receptive field and learning hierarchical feature representations, CRNet

effectively models the complex spatial correlations present in massive MIMO channels,

resulting in improved reconstruction accuracy and reduced artifacts relative to single res-

olution CNNs.

Building on the need to capture long range dependencies within CSI matrices, TransNet

[67] adopts a Transformer-based encoder decoder instead of conventional convolutional

layers. The self attention mechanism within Transformers enables the model to learn re-

lations between widely separated elements of the channel matrix, allowing it to capture

global structural patterns that CNNs often miss. This makes TransNet particularly ef-

fective in scenarios involving high mobility or wideband channels, where temporal and

frequency correlations span large dimensions.

To improve robustness under noise and uncertainty, PRVNet [68] integrates probabilistic

modeling by drawing inspiration from variational autoencoders (VAEs). PRVNet learns

a latent probability distribution of CSI rather than a deterministic mapping, enabling it

to better handle channel perturbations, noisy observations, and imperfect feedback con-

ditions. The probabilistic latent space also helps regularize the learned representation,

reducing overfitting and improving generalization to unseen environments.

Another significant development is CSI-StripeFormer [198], which employs axial atten-

tion and stripe based feature extraction to overcome the computational complexity of full

transformer blocks. By decomposing attention into horizontal and vertical stripes, the

model balances computational efficiency with the ability to capture long range depen-

dencies across two dimensional CSI structures. This design allows CSI-StripeFormer to

achieve high reconstruction accuracy while maintaining scalability for very large antenna

arrays and wideband frequency channels.

In parallel, other approaches have focused on improving robustness to real world impair-

ments. DeepAE [199] introduces a denoising oriented autoencoder that is trained not only

on ideal CSI but also on delayed, noisy, and quantized channel samples. This training

strategy mimics practical deployment conditions, enabling the model to tolerate chan-
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nel aging, feedback quantization errors, and receiver hardware distortions. By explicitly

incorporating impaired CSI samples into the training dataset, DeepAE achieves strong re-

silience in challenging operational environments where many earlier DL models tend to

degrade.

2.1.6 Generalization andRobustness Evaluation of CSI Compression

Under Realistic Wireless Channel Conditions

To rigorously evaluate the generalization capability of the proposed CSI compression

framework, I would design a comprehensive robustness study that extends beyond the

current COST 2100 and Gaussian noise-based evaluation. The model would be trained

exclusively on COST 2100 data and then tested, without retraining, on diverse channel

sources including 3GPP TR 38.901 channel models such as Urban Macro (UMa), Urban

Micro (UMi), RuralMacro (RMa), and Indoor Hotspot (InH), as well as real measured CSI

collected through SDR-based indoor and outdoor measurement campaigns. This would

reveal whether the learned representation captures fundamental channel characteristics

or is overly dependent on the statistical properties of a specific dataset. In addition, I

would evaluate channel ageing by introducing explicit feedback delays and investigate

high-mobility scenarios through Doppler-based channel evolution, reporting NMSE, ρ,

beamforming gain, and spectral efficiency as functions of user velocity and CSI staleness.

Such experiments would provide a clear understanding of the framework’s robustness un-

der realistic time-varying wireless environments.

A second set of experiments would focus on practical deployment impairments that are

often neglected in simulation studies. The compressed codewords would be subjected

to finite-bit quantization and burst-error channels modeled using a Gilbert-Elliott pro-

cess to emulate realistic digital feedback links. Furthermore, hardware impairments such

as power-amplifier nonlinearities, phase noise, IQ imbalance, ADC quantization effects,

and carrier-frequency offsets would be incorporated to assess robustness beyond ideal-

ized additive Gaussian noise assumptions. To evaluate out-of-distribution performance,
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the model would be trained on one propagation environment (e.g., indoor picocellular

channels) and tested on entirely different environments such as urban, suburban, or rural

scenarios. The resulting performance gap would directly quantify the framework’s adapt-

ability to previously unseen propagation conditions, while a few-shot fine-tuning study

could assess how quickly performance can be recovered using limited new data. By re-

porting all results with confidence intervals and system-level metrics such as beamforming

gain, spectral efficiency, BER, and energy efficiency, this study would provide strong ev-

idence of the framework’s practical robustness and deployment readiness for future 5G

and 6G wireless networks.

2.2 Conclusion

This chapter provided a comprehensive review of CSI feedback reduction techniques for

massive MIMO systems, with emphasis on DL–based solutions. Efficient CSI feedback

has become a key challenge in FDD massive MIMO, where downlink CSI must be ex-

plicitly returned from the UE to the BS. Conventional CS-based methods exploit channel

sparsity but suffer from high complexity, noise sensitivity, and limited adaptability. To

overcome these issues, DL-based frameworks such as CsiNet, CsiNet+, CRNet, PRVNet,

TransNet, DeepAE, and CSI-StripeFormer have been introduced, achieving superior com-

pression efficiency and reconstruction accuracy through end-to-end learning and advanced

architectures. Despite their effectiveness, DL models require large training datasets, in-

cur high computational and energy costs, and face scalability concerns for real-time sys-

tems. These challenges highlight the need for more efficient solutions. Consequently,

hybrid transform-assisted DL approaches have emerged as promising alternatives, com-

bining structured signal representations with learning-based models. Motivated by these

insights, the following chapters present the proposed CSI feedback reduction techniques

for massive MIMO systems.
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Chapter 3

DRT-Assisted DL for Massive MIMO

CSI Feedback Reduction

As mentioned earlier, the reduction of CSI feedback overhead is significant in fifth gener-

ation and emerging sixth generation technologies involving massive MIMO systems. We

begin our study by analyzing the impact of different transforms in achieving CSI reduction

with CS. While CS is an efficient mechanism to address this challenge, the involvement

of DFT in CS results into higher computational complexity. This chapter introduces a

novel discrete Rajan transform (DRT)-based DL to enhance channel feedback in mas-

sive MIMO systems. We address the issues that arise due to the use of DFT in CS and

show that they can be overcome by using DRT assisted DL based CSI reduction. Through

simulations, it is shown that the proposed mechanism outperforms the DFT based DL al-

gorithm by 126.19% and 81.81% for cosine correlation and normalized mean square error

in channel estimation, respectively, across varying SNR scenarios. Notably, the proposed

DRT-based DL algorithm showing, its potential for practical implementation in real world

communication systems.
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3.1 Overview

The advent of 5G and the upcoming 6G wireless communications involves the use of ad-

vanced technologies, aiming to improve data rate, channel capacity, and mitigate feedback

overhead [200, 201]. One of these technologies is massive MIMO, which necessitates the

deployment of multi-antenna base stations and access points. Massive MIMO can be re-

garded as a large-scale extension of conventional MIMO systems.

3.1.1 MIMO Systems

MIMO is a wireless communication technology that uses multiple antennas at both the

transmitter and the receiver to increase data throughput and reliability. By exploiting spa-

tial diversity and spatial multiplexing, MIMO sends multiple data streams simultaneously

over the same frequency band. These systems make use of multipath propagation. In

the spatial diversity mode, different copies of the same signal are transmitted. This im-

proves communication reliability. Further, the transmission of independent data stream

in parallel increases capacity. MIMO is generally combined with orthogonal frequency

division multiplexing (OFDM) in modern wireless systems, making it a MIMO-OFDM

system. MIMO-OFDM divides a channel into many parallel subcarriers, allowing robust

high speed transmission [202, 203].

In MIMO communications, narrow-band systems [204] assume that the channel experi-

ences flat fading, meaning the signal bandwidth is smaller than the coherence bandwidth of

the channel. As a result, all frequency components of the signal experience approximately

the same gain and phase shift, and the channel can be modeled using a single complex ma-

trixHHH . In contrast, wide-band MIMO systems [205, 206] operate over bandwidths larger

than the coherence bandwidth, causing frequency selective fading. Here, different fre-

quency components undergo different channel responses, requiring more complex models

such as OFDM-based subcarrier channels, or multi-MIMO impulse responses. Wide-band

systems therefore demand significantly more CSI and complex equalization.

The narrow-band model is commonly used because it offers a simple, tractable represen-
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tation of MIMO behavior. It simplifies the analysis of essential spatial concepts such as

beamforming, precoding, and multiplexing by removing the complication of frequency

selective channels. This foundational model can be extended to wide-band systems by

applying it to each OFDM subcarrier.

Mathematically, a narrow-band MIMO system is represented as

y = Hx+ wy = Hx+ wy = Hx+ w (3.1)

where yyy = [y1, y2, ..., yNr ]T is received signal vector, HHH = [hhhij]Nr×Nt is channel matrix,

xxx = [x1, x2, ..., xNt ]T is transmitted signal vector and www = [w1, w2, ..., wNr ]T is additive

noise.

Tx Rxy=Hx+w

X1

X2

xNt yNr

y1

y2

Figure 3.1: A Practical MIMO Systems

It is significant to note that MIMO acts as a core physical layer component of 4G LTE

networks [207]. Typical LTE deployments include 2 × 2, 4 × 4 and 8 × 8 antenna con-

figurations, combined with OFDM to support high data rates over frequency selective

channels [208].

MIMO exploits spatial multiplexing to transmit independent data streams simultaneously

over the time frequency resources. General MIMO systems transmit upto four layers of

data streams. This increases user data rates without requiring additional bandwidth or

transmit power. MIMO has been extensively used in LTE. LTE improves link reliability
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through transmit diversity coding, which enhances error performance under low SNR and

deep fading channel conditions by transmitting redundant versions of the signal over mul-

tiple antennas. LTE also supports multi-user MIMO (MU-MIMO) [209], where a single

base station can schedule and serve multiple users on the same resource block. This signif-

icantly improves network spectral efficiency, as multiple users can be spatially separated

using advanced precoding techniques.

LTE operates using feedback based precoding. In this mechanism, the UE estimates the

downlink channel matrixHHH and reports quantized CSI back to the base station. The BS

can then design an appropriate precodingmatrixppp based on the reported CSI. The resulting

transmitted and received signals can be modeled as

xxx = pppsss, yyy = HHHpppsss+www, (3.2)

wheresss ∈ CNs×1 is the transmitted symbol vector containingNs data streams,ppp ∈ CNt×Ns

is the precoding (beamforming) matrix applied at the transmitter with Nt antennas, xxx ∈

CNt×1 is the precoded transmit vector, yyy ∈ CNr×1 is the received signal, and www ∈ CNr×1

represents additive channel noise. The objective of designingHHH ∈ CNr×Nt is to maximize

received signal power while minimizing inter user interference [210].

Traditional MIMO systems significantly improved spectral efficiency and reliability, but

they face fundamental limitations in antenna scalability, spectrum reuse, and the over-

head required for accurate CSI feedback [157]. As modern wireless networks move to-

ward ultra-dense deployments and support millions of interconnected devices, the con-

straints of MIMO particularly in terms of feedback signaling and practical antenna inte-

gration become major problems. These challenges have driven the evolution toward mas-

sive MIMO, where BSs are equipped with tens to hundreds of antennas [123]. Massive

MIMO provides several transformative advantages. It delivers substantial beamforming

gains that enhance SNR and coverage, enables near-linear increases in spectral efficiency

with the number of antennas, and supports the spatial multiplexing of many users simul-

taneously within the same time-frequency resources. Together, these capabilities make
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massive MIMO a foundational technology for scalable, high capacity 5G and future 6G

wireless communication systems.

Recent research has expanded the scope of massive MIMO by exploring more advanced

architectures and intelligent processing techniques to meet the demands of future 6G net-

works. One key research in this direction is cell-free massive MIMO [211], where the

traditional notion of cell boundaries is removed. Instead of each user being served by a

single BS, a large number of geographically distributed access points jointly and coher-

ently serve all users in the network. This architecture significantly improves uniformity

in service quality, mitigates cell edge issues, and offers high macro diversity gains [211].

By eliminating inter-cell interference and leveraging distributed beamforming, cell-free

systems [212] provide consistent user experiences even in dense urban or indoor environ-

ments.

Another emerging paradigm is extremely large-scale MIMO (XL-MIMO) [213], which

envisions antenna arrays with physically massive apertures integrated into building fa-

cades, walls, lamp posts, vehicles, or indoor infrastructures. The XL-MIMO introduces

spatially non-stationary propagation, which means that different parts of the antenna array

may experience different channel characteristics due to the large aperture size. This re-

quires new channel models, beamforming strategies, near-field signal processing, and user

specific sub-array coordination to fully harness the enormous spatial resolution and sens-

ing capabilities of XL-MIMO systems [214]. XL-MIMO is expected to play a key role in

6G applications involving high precision localization, holographic communications, and

highly directional short range links.

The third significant idea is the integration of DL for CSI processing driven by the sub-

stantial CSI feedback burden in FDD massive MIMO [215]. Traditional CS techniques

struggle with nonlinear channel variations and high mobility. DL-based frameworks, such

as CsiNet, CsiNet+, CRNet, and Transformer-based architectures like TransNet, learn

compact representations of CSI through nonlinear feature extraction, enabling efficient

compression, prediction, and reconstruction. These models significantly reduce feedback
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overhead, improve robustness against noise and interference, and generalize better un-

der dynamic channel conditions. As a result, DL has become one of the most promising

tools for next-generation CSI acquisition, supporting both high capacity and low latency

communication in future 6G systems.

3.1.2 Massive MIMO Systems

In light of the above discussion, massive MIMO has become a significant technology for

modern and future wireless communication systems, particularly 5G and 6G. Unlike con-

ventional MIMO, which employs only a few antennas, massive MIMO uses hundreds of

antennas at a base station to serve many users simultaneously on the same time frequency

resources. This enables strong spatial multiplexing and highly focused beamforming, and

allows tremendous performance gains up to 10 times higher spectral efficiency and more

than 100 times improvement in energy efficiency. Massive MIMO systems benefit from

channel hardening, where small-scale fading averages out, resulting in more stable and

reliable communication links reduced sensitivity to fading, and the ability to operate ef-

ficiently even with low-cost RF hardware. Furthermore, time division duplexing (TDD)

operation enables channel reciprocity. This reduces downlink CSI feedback upto a certain

extent and makes implementation more efficient. [123].

Massive MIMO offers several exciting advantages that make it a important technology

for 5G and beyond. By making use of spatial multiplexing, it achieves exceptionally

high spectral efficiency, enabling many users to be served simultaneously on the same

time-frequency resources. Its highly directional beamforming greatly improves energy

efficiency by focusing power only toward intended users while also suppressing inter-

user and inter-cell interference. With a large number of antennas, the system experiences

channel hardening. Additionally, massive MIMO can support massive connectivity and is

inherently more tolerant to hardware imperfections, and impairments such as phase noise

or gain mismatch.

Inspite of these benefits, massive MIMO faces several notable challenges. The acquisi-
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tion and feedback of CSI become increasingly difficult as the number of antennas grows,

leading to substantial CSI overhead. Pilot contamination caused by pilot reuse across

neighboring cells remains one of the most critical performance limitations. The system

also requires extensive computational resources for large scale precoding and detection,

making real time processing complex. On the hardware side, scaling up the number of an-

tennas increases the demand for RF chains, ADCs, and precise calibration. Even in TDD

systems, maintaining accurate uplink-downlink reciprocity is difficult due to calibration

requirements. These challenges highlight the need for new architectures and intelligent

processing techniques to fully harness the potential of massive MIMO.

Additional implementation constraints include synchronization across hundreds of RF

chains, high computational and power requirements for large matrix operations, and the

need for more accurate channel models that reflect the spatially non-stationary behavior of

large antenna arrays. Research efforts continue to explore scalable pilot design, blind or

semi-blind CSI estimation, low power distributed processing, and integration with emerg-

ing technologies such as heterogeneous networks and dense small cell deployments to

improve system robustness and efficiency.

A particularly critical challenge that persists despite progress in other areas is the problem

of CSI feedback overhead. Although TDD systems partially alleviate downlink CSI acqui-

sition through uplink-downlink reciprocity, this benefit is limited in practical deployments

due to hardware mismatches and calibration errors. As a result, accurate downlink CSI is

still required at the BS, and the feedback overhead becomes prohibitively large as antenna

arrays scale into the hundreds. In FDD systems, the problem is even more severe because

CSI must be explicitly fed back from the user equipment. Therefore, achieving efficient

and scalable CSI feedback reduction remains one of the central problems in realizing the

full potential of massive MIMO, motivating extensive research into CS-based, codebook

design, and DL-based CSI compression methods.
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3.1.3 CSI-Feedback Reduction in Massive MIMO

As discussed above, massive MIMO involves numerous antennas on the BS [216]. The

number of antennas can range from hundreds to thousands. They are employed in a cen-

tralized [217] or a decentralized [218] manner. Massive MIMO effectively reduces multi-

user interference and enhances overall throughput [219]. However, this setup entails com-

plex signal processing and energy-intensive devices, incurring substantial costs. Hence, it

is imperative to explore simple and energy-efficient implementation techniques aligning

with sustainable and green solutions.

In MIMO systems, downlink channel information is obtained from users during train-

ing [220]. It is sent back to the base station through a feedback link. The challenge in

massive MIMO systems lies in efficient reduction of feedback-overhead of channel state

information (CSI) [221][222]. In their study, Gao et al. [178] propose using CS to re-

duce the feedback overhead load for CSI in massive MIMO systems. Using the sparsity

in spatially correlated antenna arrays, the authors present adaptive feedback protocols that

dynamically adjust based on channel conditions.

Figure 3.2: CSI Feedback Architecture Model of Downlink Pilot and Feedback Signals

Ge et al. [179] show that it is possible to convert correlated CSI into an uncorrelated sparse

vector, allowing the use of CS to estimate a sparse vector from an under-determined linear

system accurately. Dai et al. [223] propose least absolute shrinkage and selection operator
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(LASSO) l1-solver a regression analysis technique that performs both variable selection

and regularization to improve the prediction accuracy and interpretability of the statisti-

cal model. The l1-solver is the optimization algorithm to solve the LASSO problem. In

[224], approximate message passing (AMP) has been proposed. It is a CS-based technique

used for solving sparse recovery problems by iteratively updating estimates of the sparse

signal using AMP. An extension to [224], block matching 3D - approximate message pass-

ing (BM3D-AMP) [225], combines the principles of BM3D with AMP. BM3D-AMP is

a denoising algorithm based on block matching and collaborative filtering, with the ap-

proximate message passing framework. It is a method for efficiently solving sparse [226]

signal recovery problems. However, it can face difficulties in CSI recovery due to a sim-

ple sparsity assumption. The channel matrix exhibits approximate sparsity, complicating

prior modeling and significantly hindering reconstruction quality.

Applying CS in the above mechanisms uses random projections to compress data. Ran-

dom projection is a simple dimensionality reduction technique that compresses high di-

mensional data by multiplying it with a randomly generated matrix, producing a compact

representation while roughly preserving data structure [227, 228]. However, because the

projection is completely random, it does not learn or utilize the underlying channel charac-

teristics, leading to significant information loss in practical CSI scenarios. This limitation

becomes more severe when channels are non-sparse, noisy, or highly dynamic, causing

reduced reconstruction accuracy. Random projections also lack adaptability to real world

variations, making them unreliable for complex massiveMIMO environments. Therefore,

while easy to implement, random projection is inadequate for high precision CSI feedback

in modern wireless systems. Wen et al. [64] propose a DL-based mechanism that relies

on the information in the feature maps to create a compressed codeword [195], rather than

on random projections. The authors use DFT and inverse DFT for sparsifying the data at

the encoder end and retrieving the data at the decoder end, respectively.

The DFT converts the CSI data from the antenna/spatial domain into the angular frequency

domain. This transformation makes important channel patterns like dominant paths and

angles clearer and easier to identify. DFT also compresses the channel energy into a few
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significant components, which helps the neural network learn more meaningful features.

The IDFT then converts these learned frequency domain features back to the spatial do-

main to reconstruct the original CSI. Thus, DFT and IDFT reveal hidden structures in the

channel, reduce redundancy, and help the model focus on essential propagation character-

istics.

However the use of DFT has certain disadvantages. When sparse signals are involved, ap-

plying DFT can slow down the algorithm convergence [229]. Sparse signals contain many

zero or near-zero coefficients. DFT decomposes signals into sums of sinusoidal functions.

Hence, it is not inherently designed to handle sparsity efficiently. DFT based algorithms

require more iterations for processing sparse signals and converging to a solution, result-

ing into increased computational load and inefficient data compression. As a result, such

mechanisms can suffer limitations in meeting the data rate requirements of fifth genera-

tion (5G) and beyond communications. Also, DL-based applications demand transforms

that can recognize patterns regardless of the order of input elements. The dependence of

DFT on the order of input elements further limits their use in DL.

3.1.3.1 Impact of DL-Based CSI Compression on Throughput and Beamforming

Gain

The implementation of DL-based CSI compression in massive MIMO systems primar-

ily improves communication performance by enabling more accurate CSI reconstruction

with significantly lower feedback overhead. When the reconstructed CSI closely matches

the true channel, the BS can design more accurate beamforming and precoding vectors,

resulting in improved alignment between the transmitted signal and the actual propaga-

tion channel. This leads to higher beamforming gain, increased received signal power,

and reduced interference leakage among users and spatial streams. Consequently, the ef-

fective SNR at the receiver improves, enhancing the reliability and efficiency of wireless

communication.

The improvement in beamforming accuracy directly translates into higher system through-

put and spectral efficiency. According to Shannon’s capacity principle, throughput in-
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creases with SNR. Therefore, more accurate CSI enables the system to support higher data

rates and more efficient spatial multiplexing. In addition, CSI compression reduces the

amount of feedback information that must be transmitted over the uplink, freeing valu-

able feedback resources and reducing latency. As a result, DL-based CSI compression

provides a dual benefit: it maintains high CSI accuracy for effective beamforming while

simultaneously reducing feedback overhead, thereby improving overall throughput, spec-

tral efficiency, and resource utilization in massive MIMO systems. Although the exact

throughput or beamforming gain depends on factors such as compression ratio, channel

conditions, mobility, and system configuration, improvements in reconstruction metrics

such as NMSE and cosine correlation are generally associated with corresponding gains

in beamforming performance and achievable data rates.

3.1.4 Discrete Rajan Transform

In this chapter, we propose a discrete Rajan transform (DRT) [230, 231] enhanced DL

based mechanism for acquiring the CSI in a massive MIMO system.

The DRT originated with foundational works by V. Rajan in the 1980s, where the trans-

form’s recursive structure and theoretical basis were first formalized. Unlike conventional

transforms built on sinusoidal bases, the DRT relies on hierarchical ordering of signal

components, making it inherently lightweight and well suited for pattern extraction and

structured data representation. Rajan’s early work established the core principles of the

transform, showing how its deterministic reordering mechanism provides a strong foun-

dation for efficient and scalable signal processing.

Later studies formalized the mathematical properties of the DRT, proving its invertibility,

monotonicity, and favorable computational complexity of O(N logN) achieved through

simple comparisons rather than multiplications. These characteristics make the DRT both

energy efficient and hardware friendly. Its ability to produce ordered, noise resilient fea-

ture representations has led to growing interest in modern applications such as compres-

sion, image analysis, and DL pipelines. In particular, its lightweight structure and robust-
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ness make it a strong candidate for wireless systems like massive MIMO CSI feedback,

where low complexity and high efficiency are essential.

DRT is a nonlinear integer transform introduced primarily for applications in digital signal

processing (DSP), pattern recognition, and image analysis, particularly in contexts where

noise robustness and efficient feature extraction are essential. Unlike classical linear trans-

forms such as the Fourier, Walsh, or discrete cosine transform (DCT), the DRT belongs

to a family of combinatorial and order statistical transforms, in which the operations are

based on integer comparisons and magnitude selections rather than arithmetic additions

and multiplications. This makes the transform attractive for low-complexity implementa-

tions, hardware realizations, and environments where signals are subject to quantization

or impulsive noise [232].

DRT is a comparison based signal transform defined on sequences of length N = 2k. It

belongs to the class of order statistical transforms, where operations are based on com-

parisons rather than linear combinations. This distinguishes the DRT from classical linear

transforms such as the DFT or the DCT, which rely on convolutional and inner product

structures. Instead, the DRT employs lattice theoretic operations specifically the binary

operators min and max, which form a complete distributive lattice.

Consider an input vector x = (x0, x1, . . . , xN−1). The DRT proceeds in k = log2(N)

stages. At each stage s ∈ {0, 1, . . . , k − 1}, the vector is partitioned into disjoint index

pairs of the form (i, i+ 2s). For each such pair, the transform outputs

x
(s+1)
i = min

(
x

(s)
i , x

(s)
i+2s

)
, x

(s+1)
i+2s = max

(
x

(s)
i , x

(s)
i+2s

)
. (3.3)

This recursive procedure resembles a structured sorting network, with each layer preserv-

ing enough ordering information to allow perfect inversion. After the final stage, the

output vector is

y = DRT(x) = x(k), (3.4)

which contains a partially ordered representation of the input. Because the DRT uses
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only the lattice operations min and max, it is a nonlinear, monotone, and scale invariant

transform. In particular, for any constants a > 0 and b ∈ R,

DRT(ax + b) = aDRT(x) + b, (3.5)

indicating that affine transformations of the input simply scale and shift the output. This

property establishes the DRT robustness against impulsive noise, outliers, and quantiza-

tion distortions conditions under which linear transforms often degrade.

The inverse DRT reconstructs the original sequence by reversing the sequence of min-max

pairings. Since each operation encodes a two element total order, the inverse transform

systematically restores the original pairwise relationships, enabling recovery of the origi-

nal vector as

x = IDRT(y). (3.6)

This shows that the DRT is bijective for vectors with distinct entries and conditionally

invertible for those with equal values. The DRT has also notable applications in image

processing, texture classification, robust feature extraction, and nonlinear pattern recog-

nition. In images, the DRT preserves edges and structural discontinuities while suppress-

ing amplitude perturbations. For two-dimensional data, the 2D DRT [233] is defined via

separable row-column operations applied to N ×N blocks.

The application of DRT can be further extended with the use of multilevel Rajan trans-

form (MRT), multidimensional Rajan transforms [233], and hybrid schemes combining

the DRT with wavelet and morphological operators. Modern applications link the DRT to

nonlinear spectral decompositions, rank based feature hashing, and VLSI efficient DSP

architectures.

3.1.5 Chapter Contributions

The contributions made in this work are as follows:

1. Enhanced Data Sparsification for Efficient CSI Feedback: The proposed DL-
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assisted massive MIMO CSI feedback framework introduces a significantly im-

proved sparsification strategy by integrating the DRT as a feature extraction mod-

ule. DL models benefit greatly from structured and discriminative representations,

and DRT being inherently nonlinear and order statistical captures the essential ge-

ometric and magnitude based relationships within the CSI tensor. This transforms

the raw high-dimensional CSI into a more compact, informative, and DL friendly

representation. As a result, the encoder learns more meaningful latent features, en-

abling substantial compression gains without compromising reconstruction fidelity

at the receiver.

2. Immunity to the Order of Input Elements: Permutation invariance is a desir-

able property in CSI sparsification because the spatial ordering of channel coef-

ficients may vary depending on antenna indexing, measurement sequences, or pre-

processing arrangements. The DRT possesses an intrinsic immunity to the order of

input elements due to its min-max lattice-based operations. Unlike linear transforms

that are highly sensitive to positional shifts, DRT preserves the structural relation-

ships among CSI coefficients irrespective of input permutations. Consequently,

the learned model remains robust to reordering effects, allowing it to consistently

recognize underlying channel patterns and improving generalization across diverse

deployment scenarios.

3. Improved Noise Robustness: Wireless channels in practical systems are often con-

taminated by measurement noise, quantization distortions, and unpredictable dis-

tortions. The proposed system inherits the strong noise immunity properties of the

DRT, which systematically emphasizes order relations while suppressing extreme

outliers and non-Gaussian perturbations. This yields transformed CSI representa-

tions that retain critical structural information such as fading patterns and multipath

signatures while being inherently less sensitive to additive noise or phase distor-

tions. As a result, the reconstructed CSI at the base station is cleaner, more stable,

and more reliable, leading to improved multi-user precoding and enhanced system

throughput under challenging SNR conditions.
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4. Reduced Computational Complexity: Massive MIMO systems involve extremely

large CSI matrices. Thus, computational efficiency a key requirement for real time

feedback. The DRT operates using simple comparison based operations (min and

max), enabling an overall complexity on the order of O(N logN), which is signif-

icantly lower than many conventional feature extraction or sparsification methods.

The proposed framework exploits this efficiency to reduce both the computational

and memory footprint of the CSI encoder. This accelerates feedback generation on

resource constrained user devices and ensures that the method scales seamlessly to

next-generation large array configurations, including XL-MIMO and cell free ar-

chitectures.

5. Adaptive and Flexible CSI Feedback Mechanism: To accommodate the highly dy-

namic nature of wireless propagation environments, the system incorporates an

adaptive thresholding mechanism. This mechanism adaptively tunes feedback spar-

sity based on network conditions, channel quality, and system level performance

targets. It ensures that the amount of CSI sent to the BS is continuously optimized

during channel variations and reducing redundancy during stable conditions. Such

flexibility allows the system to balance feedback overhead with reconstruction ac-

curacy, providing a robust and energy efficient solution suitable for diverse mobility

scenarios, from stationary IoT devices to high speed vehicular users.

The rest of the chapter is arranged as follows: Section 3.2 introduces the systemmodel and

DRT. Section 3.3 shows the architecture for channel feedback. Section 3.4 presents the

methodology of the proposed DRT based mechanism. Section 3.5 shows the simulation

and experimental results. Section 3.6 present the computational complexity of this chapter

and finally, Section 3.7 concludes the work.

3.2 System Model

In a FDDmassiveMIMO system, the down-link and up-link operate in different frequency

bands, which prevents channel reciprocity and makes explicit CSI feedback essential. The
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process begins when the BS transmits downlink pilot signals across its large antenna ar-

ray. The UE receives these pilots and performs channel estimation typically using least

squares (LS) or linear NMSE estimation to obtain an initial CSI matrix that describes the

propagation conditions between each BS antenna and each subcarrier. This raw CSI is

high dimensional, often noisy, and may contain redundant information across antennas,

frequency tones, and spatial directions, motivating the need for efficient compression and

sparsification before feedback.

Figure 3.3: SystemModel Structure of Transmitter (Nt) andReceiver (OneUser )Massive
MIMO

To reduce the feedback overhead, the UE applies sparsification and feature extraction,

by using a transform mechanism, or other domain conversions that make the CSI more

compressible. We use the DRT to achieve this objective. After transformation, the UE

compresses the CSI using neural network encoders, quantization, or thresholding tech-

niques, significantly lowering the dimension of the data to be fed back. This compressed

representation is then transmitted from the UE to the BS through the up-link channel, using

the up-link frequency band without interfering with the down-link data transmission.

At the BS, the received compressed CSI is decoded using a reconstruction network or in-

verse transform to recover an accurate approximation of the down-link channel. Once re-

constructed, the CSI is used to compute precoding and beamforming weights such as zero

forcing, NMSE, or hybrid precoding to enable efficient and interference aware down-link
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data transmission to multiple users simultaneously. Because wireless channels change

over time due to mobility and environmental variations, the system continuously updates

CSI through repeated pilot transmissions, adaptive sparsification thresholds, and dynamic

feedback intervals. This ensures that the FDD massive MIMO framework remains ac-

curate, scalable, and robust, supporting high throughput and low latency communication

even in rapidly varying propagation environments.

We assume a downlink massive MIMO system in a single cell consisting of Nt transmit

antennas at the BS and one receiver antenna at the UE. The system operates at orthogonal

frequency division multiple access (OFDMA) over Ñc sub-carriers. The signal obtained

at the nth sub-carrier serves as below.

yn = h̃hh
H

n pppnxn + wn, (3.7)

where h̃hhn ∈ CNt×1, pppn ∈ CNt×1, xn ∈ C and wn ∈ C represent the channel matrix-vector,

precoding vector, data-bearing symbols and noise added to the nth sub-carrier, accordingly.

Let H̃HH = [h̃hh1, h̃hh2.....h̃hhÑc]H ∈ CÑc×Nt be stacked in the spatial frequency domain as the

CSI. The precoading vector [pppn, n = 1, 2.......Ñc] can be designed by the BS after it has

received H̃HH feedback. In the FDD system, there should be a way for the UE to send H̃HH

back to the BS. The whole set of feedback values, NtÑc, is large and is not permitted for

the limited feedback links. Note that downlink channel estimation at the UE is outside

the purview of our research. It is assumed that perfect CSI has been achieved through

pilot-based training at the UE [234]. We focus on the feedback side of the scheme.

We propose using DRT to sparsify H̃HH in the angular-delay domain as a way to minimize

feedback overhead.

HHH = XdH̃HHX
H
a , (3.8)

whereXd andXa are Ñc× Ñc andNt×Nt DRTmatrices, respectively. Liu et al. in [235]

perform a realization of the value ofHHH with the Cooperation in Science and Technology
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(COST 2100) model. It was found thatHHH comprises a very small percentage of big com-

ponents. The power delay profile of multi-path arrivals has a limited duration. As a result,

only the firstNc rows have significant value. Thus, we retain only the firstNc rows inHHH .

Further, for simplicity, we writeHHH to represent the truncated Nc ×Nt matrix. In massive

MIMO, the total number of feedback parameters can be decreased to N = NcNt, which

still has a high value.

In this chapter, our attention lies in creating an encoder as

s = fen(HHH), (3.9)

for transforming theHHH into anM -dimensional vector (codeword), whereM < N . γ =

M/N represents the ratio of data compression. The original channel will be decoded from

the codeword as

HHH = fde(s), (3.10)

For CSI feedback, after acquiring the channel matrix H̃HH at the UE side, we implement

DRT on equation (3.8) to produce the truncated matrixHHH . We next utilize the encoder in

equation (3.9) to generate a codeword s. Afterward, s is sent back to the BS, where the

decoder equation (3.10) is utilized to produce the resultHHH . To get the final channel matrix

in the spatial frequency domain, the inverse DRT can be applied.

3.3 The proposed H̃HH Feedback Architecture

We propose a DRT-based DL architecture for efficient and faster channel feedback. We

discuss in detail about the computation of DRT and inverse DRT. Subsequently, the im-

plementation of DRT in DL-based CSI feedback reduction will be explained.
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3.3.1 Discrete Rajan Transform

Let x(n) be a number series of length N . x(n) is divided into two parts of length N/2 as

follows,

l(i) = x(i) + x
(
i+ N

2

)
, 0 ≤ i ≤ N

2
− 1,

m(i) =
∣∣∣∣x(i+ N

2

)
− x(i)

∣∣∣∣ , 0 ≤ i ≤ N

2
− 1.

(3.11)

Further, each of the N/2 points is divided into two halves of length N/4. Each gives the

following equations:

l1(i) = l(i) + l
(
i+ N

4

)
, 0 ≤ i ≤ N

4
− 1,

l2(i) =
∣∣∣∣l (i+ N

4

)
− l(i)

∣∣∣∣ , 0 ≤ i ≤ N

4
− 1,

m1(i) = m(i) +m
(
i+ N

4

)
, 0 ≤ i ≤ N

4
− 1,

m2(i) =
∣∣∣∣m(

i+ N

4

)
−m(i)

∣∣∣∣ , 0 ≤ i ≤ N

4
− 1.

(3.12)

This procedure is repeated until further division is not possible. The final sequence having

N elements will be labeled as

XN×1 = [X(0), X(1), . . . , X(N − 1)] (3.13)

here log2 N is the total number of possible states. DRT is obtained with the help of a

matrix operator known as R matrix operated over the input sequence XN×1 as

AN×1 = RN×NXN×1 (3.14)

where

RN×N =

 IN
2 × N

2
IN

2 × N
2

−ekIN
2 × N

2
ekIN

2 × N
2


N×N

(3.15)
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and matrix X represents the length N column input sequence and ek is an transformation

function. The identity matrix IN/2 has a dimension ofN/2, which is half of the size of the

input sequence matrix XN×1. The transformation function ek is given as

ek = (−1)k (3.16)

such that

k = 1 ; for X(i+N/2) < X(i) ; 0 ≤ i ≤ N/2− 1 and

k = 0 ; otherwise.

Here, X(i) is the ith element of XN×1. The matrix AN×1 is split into two N/2-sized

column matrices, A00 and A01. These matrices use the operator RN/2 for both sequences

to generate the two new matrices, A10 and A11, from the two input sequences. Note that

the size of the RN/2 matrices is half that of the RN matrix. Iteratively carrying out the

procedure continues until the submatrices’ size is decreased to two. Thus, we have N =

2n−p, for pth iteration stage, with p = 1, 2, 3....n. Every binary value is encrypted and

denoted by k. They are generated throughout the computational process at each iteration.

To acquire the primary sequence value using the inverse transformation approach, they

must be connected to the final spectrum. This closed-form statement exactly defines the

algorithm described at the beginning of this section.

3.3.2 Inverse Discrete Rajan Transform

As previously discussed, the DRT establishes an isomorphism between a domain set con-

sisting of inverse, cyclic, dyadic, and dual class permutations of a sequence, and a cor-

responding range set composed of sequences of the form X(k)E(k). Here, X(k) rep-

resents the permutation invariant output of the DRT, while E(k) denotes an encryption

code uniquely associated with each permutation in the domain. This mapping is bijec-

tive, meaning it is both one-to-one and onto, and therefore an inverse mapping necessarily

exists. Owing to this bijective structure, DRT can properly be regarded as a transform.
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In the following, we present a systematic method for constructing the inverse DRT and

recovering the original sequence from its DRT representation.

The signal x(n) is retrieved using the inverse DRT [230], [236], which is a recursive

algorithm. It converts the reverse transform code X(k)E(k) of length N(1 + m), where

N = 2m andm is the number of stages of computation, into one of its original sequences

belonging to its permutation class depending on the encryption code E(k). Based on the

transformation code E(k), the code is converted into one of the original sequences. The

input sequence is divided into two-point segments to compute the IDRT as

g(2k + 1) = (X(2k) +X(2k + 1))/2 (3.17)

if E1(2k) = 0 and E2(2k + 1) = 0, for 0 ≤ k ≤ N, (3.18)

g(2k) = max
(
X(2k), X(2k + 1)

)
− g(2k + 1). (3.19)

g(2k) = (X(2k) +X(2k + 1))/2, (3.20)

if E1(2k) = 1 or E1(2k + 1) = 1, 0 ≤ k ≤ N, (3.21)

g(2k + 1) = max
(
X(2k), X(2k + 1)

)
− g(2k). (3.22)

Each segment of the resultant sequence contains four data points. These segments are

recursively divided into eight-point segments and further processed, continuing until no

further division is possible.

As discussed, the reverse transform cancels the negative sign, addingN(2M − 1) toX(0)

to recover the initial order. The DRT coefficients are represented as the column matrix

XNX1 of length N . The transformation values from each iteration are organized into

column matrices: E1, E2, . . . , En−1, each of length N/2, where n = log2 N . For N = 8,

we get E1 and E2 as two 4× 1 matrices with binary values. In this context, XN×1 is the

DRT coefficient matrix, RN×1 is the intermediate matrix, and AN×1 is the matrix with

elements arranged using the transformation matrix Er. Additionally, Ēr is obtained by

element-wise complementation of Er, where r ranges from n− 1 to 1.
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Starting withN = 2p where p ranges from 1 to n, we use the final forward RTmatrix, then

apply the remaining matrices in reverse for IRT. Each matrix is used according to the IRT

algorithm’s requirements. To illustrate this, let’s take an example involving a sequence

denoted as x(n), which exhibits a maximum value with the following expression:

[RNX1] =



max(X1, XN/2)

.

.

max(XN/2, XN)

0

.

.

up to 1
2 (zeros)



− 1
2
×

 IN/2 IN/2

−IN/2 −IN/2

 [XNX1] (3.23)

[ANX1] =

 IN/2 IN/2

IN/2 IN/2

 [RNX1]−

 [E ′
N/2] · [IN/2] [E ′

N/2] · [IN/2]

E ′
N/2 · [IN/2] [E ′

N/2] · [IN/2]

 [RNX1] (3.24)

3.3.3 Problem Formulation

The proposedDNN architecture relies extensively on the efficient computation of the DFT.

Although the DFT is a fundamental tool for spectral analysis, its performance becomes

suboptimal in scenarios where the underlying signals exhibit sparsity or strong structural

asymmetry. For aK-sparse input sequence x[n], the DFT produces coefficients

X[k] =
N−1∑
n=0

x[n]e−j2πkn/N , (3.25)

but this linear transformation typically spreads the sparse energy across the entire spec-

trum. As a result, the transformed output is no longer sparse, increasing the feature di-

mension that the DNN must process and thereby reducing computational efficiency and

learning performance.
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In contrast, DRT [237] has been shown to be significantly more efficient under sparse

signal conditions. The DRT employs a permutation invariant max-sum decomposition that

preserves the structural sparsity of the input. For paired samples X(2k) and X(2k + 1),

the forward DRT is computed as

g(2k + 1) = X(2k) +X(2k + 1)
2

, g(2k) = max
(
X(2k), X(2k + 1)

)
− g(2k + 1),

(3.26)

or its dual form depending on the associated encryption code. Unlike the DFT, which re-

quires complex exponential evaluations, the DRT involves only additions, comparisons,

and scalar multiplications. Consequently, the computational complexity of DRT is lower

than the DFT. Thus, in sparse signal environments, the DRT provides a faster, structurally

faithful, and more computationally efficient alternative to the DFT. Its ability to preserve

sparsity while reducing computational load makes it particularly suitable as a preprocess-

ing transform for DNN, leading to improved inference speed and enhanced feature extrac-

tion performance.

3.3.3.1 Sparse Signal Conditions and the Applicability of DRT for CSI Compres-

sion

The term “sparse signal condition” refers to a scenario in which only a small fraction

of the transform-domain coefficients contain most of the channel energy, meaning that

the channel can be represented accurately using relatively few significant coefficients.

In practice, sparsity should be quantified explicitly, for example, by the percentage of

coefficients required to capture a specified amount of energy (e.g., 90% or 95%) or by

the sparsity ratio K
N
, where K is the number of significant coefficients and N is the total

number of coefficients.

The DRT does not require a fixed minimum sparsity level for implementation. It can be

applied to both sparse and non-sparse signals. However, its relative advantage becomes

more pronounced as the channel becomes increasingly sparse. In highly sparse channels,

DRT typically provides better energy compaction and compression efficiency than con-
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ventional transforms, whereas in near-dense channels its performance tends to converge

toward that of the DFT. Therefore, the term “sparse signal condition” should be accom-

panied by a quantitative sparsity measure when first introduced to avoid ambiguity and to

clearly explain the conditions under which DRT offers the greatest benefit.

3.3.3.2 Performance Comparison of DRT and DFT in Non-Sparse Channels

DRT does not require sparsity for implementation; however, its performance advantage

is primarily derived from its ability to provide stronger energy compaction and a more

compact representation of sparse signals. When the channel is non-sparse or nearly dense,

meaning that the signal energy is distributed across a large number of coefficients rather

than concentrated in a few dominant ones, the benefits of DRT become significantly less

pronounced. In such cases, the coefficient representations produced by DRT and DFT

tend to be similarly dense, and their compression and reconstruction performances become

comparable. Consequently, there is no inherent guarantee that DRT will outperform DFT

in the absence of sparsity. In fact, for near-dense channels, DFT may be equally effective

or even preferable due to its strong theoretical foundation, physical interpretation in the

frequency domain, and highly optimized FFT implementation. Therefore, the superiority

of DRT is most evident in moderately to highly sparse channel conditions, while for non-

sparse channels the performance gap between DRT and DFT largely diminishes.

3.3.4 Why DRT Over Sparse FFT for CSI Compression?

Sparse FFT (SFFT) algorithms are designed to recover only the k largest Fourier coeffi-

cients of a signal with reduced computational complexity under the assumption that the

signal is highly sparse in the Fourier domain. While this can provide computational ad-

vantages, SFFT still relies on the fixed sinusoidal basis of the DFT and therefore per-

forms best only when the channel exhibits strong Fourier-domain sparsity. If the channel

structure deviates from this assumption due to antenna reordering, mobility, or changes in

the propagation environment, the sparsity representation and reconstruction accuracy may

deteriorate. In addition, SFFT retains complex-valued operations and employs sampling
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and aliasing strategies to achieve sub-linear complexity, which increases implementation

complexity compared to conventional transform-based approaches.

DRT was selected over SFFT because it does not depend on sparsity specifically in the

frequency domain and can more effectively capture the inherent structure of transformed

CSI data. Furthermore, DRT exhibits greater robustness to channel structural variations

and antenna reordering through its permutation-invariant property, leading to more sta-

ble sparsity characteristics across different channel conditions. Its recursive, real-valued

formulation also results in a simpler implementation based primarily on addition and sub-

traction operations, making it attractive for practical CSI compression systems. Never-

theless, an explicit experimental comparison between DRT and SFFT in terms of NMSE,

cosine correlation, computational complexity, and runtime would further strengthen this

justification and has been identified as a valuable direction for future evaluation.

3.3.4.1 Permutation Invariance

Unlike DFT, DRT is permutation invariant. The output of DRT does not change when the

input sequence is permuted (reordered).

Let x = [x0, x1, x2, . . . , xn] be an input sequence. If π(x) represents a permutation of x,

a transform T (x) is permutation invariant if:

T (x) = T (π(x)) (3.27)

Here permutation π is a rearrangement of the elements of the vector x. For example, if

x = [x1, x2, x3], a permutation π might rearrange this to π(x) = [x3, x2, x1]. Consider a

simple case where x = [x1, x2, x3] and π(x) = [x3, x2, x1]. If we apply the DRT to both

x and π(x) the result will be the same:

T (x) = T ([x1, x2, x3]) = T ([x3, x2, x1]) (3.28)

TheDRTmatrixA is constructed such that for any permutationmatrixP (which rearranges
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the elements of a vector), A commutes with P . This means A.P = P.A, ensuring that

T (x) = T (π(x)) for any x. For example we consider a input sequence x = [1, 2, 3, 4]

and the output DFT is X = [10,−2 + 2j,−2,−2 − 2j] similarly the input sequence

x = [4, 3, 2, 1] and the output sequence of DFT isX = [10, 2−2j, 2, 2+2j]. In case DRT

input x = [1, 2, 3, 4] the output will be X = [10,−2, 10,−2] and for input x = [4, 3, 2, 1]

the output of DRT is X = [10,−2, 10,−2].

3.3.4.2 High Correlation in Transformed Sequence:

The DRT produces sequences with higher concentration and auto-correlation compared to

the DFT. The higher correlation in DRT indicates that the transformed sequences retain

more of the original structure, making them more robust noise reduction and accurate

estimation.

Consider sequence xn = [1,−1, 1,−1]. Obtaining DFT [238] of xn with Xk =∑3
n=0 xn.e

−j 2π
N

kn gives Xk = [0, 0, 4, 0] for k = 0, 1, 2, 3. Similarly, we applying the

same input sequence for DRT [232]

y = A.x (3.29)

where A Rajan transform matrix. For input sequence x = [1, 2, 3, 4] the auto-correlations

output of DFT is RX = IDFT([100, 8, 4, 8]) similarly in case DRT when the input

x = [1, 2, 3, 4], using RY [k] = Inverse DRT(Y [k] · Y ∗[k]), the output will come RY =

Inverse DRT([100, 4, 100, 4]).

Computation Complexity and Energy Compaction: DRT and FFT have the same com-

putational complexity O(N logN), but it compacts energy into fewer coefficients. For a

sequence x of length 8, DFT distributed the energy evenly across its 8 complex coeffi-

cients. However DRT [233] distributes energy compactly on fewer coefficients, which

results into a more efficient feedback, as fewer coefficients need to be transmitted.

Noise Resilience and Isomorphism: DRT’s mapping of input sequences into a correlated

form increases noise resilience inMIMO systems, where channel conditions can introduce
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Figure 3.4: (a) False color representation of the magnitude of theHHH ∈ C32×32 (b) Encoder
and Decoder architecture of proposed method.

significant noise. While DFT may spread noise across coefficients, DRT maps a noisy

sequence x + n near the noiseless sequence x, reducing the impact of noise n on key

signal components.

3.3.5 Proposed Architecture

We aim to obtain feedbackHHH using a convolutional neural network (CNN), as it effectively

captures spatial correlations through connected neurons in neighboring layers as shown in

Fig. 3.4. The DL architecture has parameters length (L1), width (W2), and feature maps

(N3). LetHHHr andHHH i be the real and imaginary parts of the sparsified H̃HH generated by DRT.

These are input into the encoder’s first convolutional layer with 3× 3 kernels, producing

two feature maps. The feature maps are converted into a real vector s of sizeM , known

as the codeword, via a fully connected layer. The initial layers, based on CS principles,

compress data effectively while retaining key information.

After obtaining the codeword s, it is used to reconstructHHH . The first fully connected layer

takes s as input and produces two preliminary estimates ofHHHr andHHH i each sizedNc×Nt.

Each ReGen unit, as shown in Fig 3.4, has four layers. The first is the input layer, while

the next three use 3 × 3 kernels. The second and third layers generate 8 and 16 feature

maps, respectively. The output layer provides the final estimate ofHHH , with zero padding

applied to match dimensions. The ReUn function, ReUn(γ) = max(γ, 0), is used for
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batch normalization and as the activation function.

The ReGen unit has two key features [239], [240]. First, unlike typical CNN that use

pooling for downsampling, our approach focuses on refinement, maintaining the same

size for both the channel matrix and the ReGen unit output. Second, we incorporate short

connections, inspired by deep residual network (ResNet) [241] [242], which allow direct

data flow between layers and help prevent the vanishing gradient issue caused by multiple

non-linear transformations.

Incorporating two ReGen units gives optimal performance. After refinement, the channel

matrix is passed to the final convolutional layer using a sigmoid function. The technique

can be extended by adding more feature maps to handle multiple antennas.

In this method, we take end-to-end learning for all kernel and dominant values of the en-

coder and decoder. This procedure is different from the two-step technique used in [241].

The collection of parameters is represented as∆ = {∆en,∆de}. The input in the proposed

method is normalized HHH i, represented as HHH i = f(HHH i; ∆) = fde(fen(HHH i; ∆en); ∆de) for

the ith patch. Like the autoencoder, our proposed method operates as an unsupervised

learning algorithm.

The ADAM (adaptive moment estimation) optimizer is implemented as an adaptive gradi-

ent descent method that simultaneously leverages momentum and per parameter learning

rate scaling to achieve stable and efficient convergence in deep neural network training.

At each iteration, given the gradient gt = ∆θL(θt), ADAM computes two exponential

moving averages: the first moment estimate mt, which captures the mean of past gradi-

ents, and the second moment estimate vt, which accumulates the squared gradients. These

are updated using

mt = β1mt−1 + (1− β1)gt, vt = β2vt−1 + (1− β2)g2
t ,

where β1 and β2 control how strongly previous information influences the estimates. Be-

cause these moments start at zero, ADAM applies bias correction to ensure unbiased esti-
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mates in early iterations:

m̂t = mt

1− βt
1
, v̂t = vt

1− βt
2
.

The parameter update is then computed adaptively using

θt+1 = θt − α
m̂t√
v̂t + ε

,

which scales the learning rate inversely with the gradient variance. This mechanism en-

ables ADAM to take larger steps in dimensions with low gradient energy and smaller steps

in directions with high curvature or noisy gradients. In the proposed system, implementing

ADAM ensures faster convergence, greater robustness to noise, and stable optimization

even when the training data exhibits sparsity or large dynamic range. Its ability to auto-

matically tune effective learning rates makes it especially suitable for deep architectures

and high dimensional parameter spaces.

The ADAMalgorithm is used to update the set of parameters, and the loss function utilized

is mean square error (MSE), which is determined as follows:

L(∆) = 1
T

T∑
i=1
||f(sssi; ∆)−HHH i||22, (3.30)

The Euclidean norm is denoted by ∥ . ∥2, while T represents the total number of samples

in the training set.

3.3.6 Inputs Parameterization

We consider outdoor and indoor rural environments at 400 MHz, 3.6 GHz [243] and 5.6

GHz [244] bands, respectively. A double-directional channel with the broadcast and re-

ceived antenna vectors st and sr is given as [245]

HHH(t, τ) = 1
L

∑
n∈α

Vn

√
Sn

Ln

[
p∑

p=1
an,p st(Ωn,p )sr(Ψn,p )δ(τ − τ l

n − τM
n,p)] (3.31)
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where Vn denotes the cluster visibility gain that accounts for the change in the visibility

region (VR), Sn the cluster shadow fading, Ln the cluster attenuation, and L denotes the

overall pathloss which gives the reliance on the distance between the mobile station (MS)

and BS. The collection of visible clusters defined by theMS position is α. The cluster-link

latency is τ l
n. The geometric delay, τM

n ,p, corresponds to the path from the base station to

the scatterer and MS. an,p represents the complex Gaussian fading of cluster n’s pth mul-

tipath components (MPCs). Ωn,p and ψn,p represent the pth MPC’s direction of departure

(DoD) and arrival (DoA) in cluster n. δ(.) is the Dirac function.

3.3.7 Normalization of Channel Parameters

Normalization of channel parameters to the range [0, 1] typically involves scaling the val-

ues using a linear transformation. This can be done using the min-max normalization

technique as

HHHnorm = HHH −HHHmin

HHHmax −HHHmin
(3.32)

where HHH is the original channel parameter, HHHmin is the minimum value in the data set,

and Hmax is the maximum value in the data set. This scales the data to the range [0, 1].

When dealing with complex channel coefficients, the phase changes can introduce nega-

tive values. The DRT approach described in the chapter involves handling negative values

through a DC shift ofK = N(2M − 1) to the sequence to shift all values, where N is the

length of the sequence, andM is the bit length required to represent the maximum quan-

tization level of the samples.

For the inverse transformation, the same constant K is subtracted from the cumulative

point index (CPI) value to retrieve the original values.

3.3.8 Improvement in Noise Robustness

The primary reason for the noise robustness offered by the proposed mechanism is data

segregation. Splitting data into smaller segments or patches before processing can lead to

better noise handling [246, 247]. As it is known, the first step in DRT data segregation,
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where the input sequence is recursively divided into smaller segments. When data is di-

vided, each segment can be analyzed and processed independently, which allows for more

localized noise reduction techniques to be applied.

The noise robustness offered by DRT is precisely achieved due to the following reasons:

1. Localized Processing: When the data is split into smaller chunks (e.g., patches in an

image), each segment is treated independently, which reduces the spread of noise

across the entire dataset. In the context of DRT, splitting the data before applying the

transform allows the DRT to handle each segment’s noise separately. The transform

can then smooth out noise within each segment while preserving the key features.

2. Error Localization: Splitting the data localizes any noise-induced errors to specific

segments. This means that even if noise significantly affects one segment, it won’t

necessarily propagate to the entire dataset, thus maintaining the overall integrity of

the data. The DRT, with its noise-compaction properties, further reduces the impact

of noise within each segment.

DRT is designed with a recursive structure, similar to the decimation-in-frequency (DIF)

fast Fourier transform (FFT). In this structure, the input sequence x(n) of lengthN (where

N is a power of 2) is recursively divided into smaller segments. At each stage, the se-

quence is split into two halves, and operations are performed to obtain new sequences

g(j) and h(j) as follows: g(j) = x(i) + x(i + N
2 ) and h(j) = |x(i) + x(i + N

2 )|. This

decomposition continues until no further division is possible, providing a hierarchical rep-

resentation of the signal. Such decomposition allows the transform to manage and reduce

noise effects by isolating noise components at different levels of the signal structure.

Consider a simple sequence xwith some added noise: x = [1, 2, 3, 4]+noise. Let’s assume

the noise added is a small random variation at each point: noise = [0.1,−0.2, 0.15,−0.1],

so the noisy sequence becomes: xnoisy = [1.1, 1.8, 3.15, 3.9]. The original sequence

is xorig = [1, 2, 3, 4] and the noisy sequence is xnoisy = [1.1, 1.8, 3.15, 3.9]. After ap-

plying the DRT we get the original DRT result: [10,−2, 10,−2] and noisy DRT result:

[9.95,−1.45, 9.95,−1.45].
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Despite the added noise, the DRT result for the noisy sequence is very close to that of the

original sequence. This shows that the DRT has smoothed out the noise, preserving the

main features of the data.

3.4 Algorithm Implementation

We now present a practical implementation of the scheme proposed above. We show the

algorithmic implementation of a DL-based approach to enhance CSI feedback in FDD

massive MIMO systems. This comprehensive process involves data preprocessing in the

initial stage and training and evaluation of neural network models in latter stage.

In the initial phase of data preprocessing, the script employs DRT to convert complex

channel data (HHHr andHHH i) into polar coordinates (magnitude r and phase Φ) as

ϕ = arctan 2(HHHr,HHH i),

r =
√
HHHr

2 +HHH i
2.

(3.33)

The DRT is subsequently used to revert the polar coordinates back to complex numbers,

expressed by:

HHHr = r · cos(ϕ),

HHH i = r · sin(ϕ).
(3.34)

Following preprocessing, the focus shifts to the neural network architecture. The script

details the construction of an autoencoder model. This model comprises convolutional

layers with rectified unit (ReUn) activation functions for encoding spatial hierarchies and

dense layers for transforming these features into a lower-dimensional space. The decoding

process then utilizes convolutional layers with linear activation functions to reconstruct the

data.

Additionally, a ResNet is integrated into the model to refine its output. This network is

composed of residual blocks containing Conv2D and Batch Normalization layers. The
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Algorithm 1 DRT-based DL for Channel Estimation in Massive MIMO
1: 1. Data Preprocessing Phase:
2: a. Convert complex channel data to polar coordinates ϕ and r using DRT.

ϕ = arctan
(
Im(H)
Re(H)

)
,

r =
√

(Re(H))2 + (Im(H))2.

3: b. Revert polar coordinates back to complex numbers Hr and Hi using inverse DRT.

Hr = r cos(ϕ),
Hi = r sin(ϕ).

4: 2. Neural Network Architecture:
5: a. Construct an Autoencoder Model with:

• ReLU activated convolutional layers for encoding.
• Dense layers for feature transformation.
• Linear activated convolutional layers for decoding.

6: b. Integrate ResNet for output refinement with:
• Residual blocks with Conv2D and Batch Normalization.
• Identity function learning to prevent degradation.

7: 3. DNNet Model Development:
8: a. Denoise CSI feedback and fine tune for noise reduction.
9: b. Similar model with the autoencoder.
10: 4. Training and Optimization:
11: a. Utilize Adam optimizer with a learning rate of 0.001.
12: b. Minimize MSE loss during training.
13: c. Monitor performance using custom callbacks.
14: 5. Model Evaluation:
15: a. Utilize normalized NMSE and ρ metrics.
16: b. Assess reconstructed signal accuracy with NMSE.
17: c. Check data similarity with ρ.
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purpose of these blocks is to facilitate learning of the identity function, which is crucial in

preventing performance degradation in deeper models.

Parallel to the autoencoder, a DNNet model is also developed, specifically for the purpose

of denoising CSI feedback. This model shares a similar structure to the autoencoder but

is fine-tuned for effective noise reduction.

These models are trained and optimized using an Adam optimizer with a predefined learn-

ing rate of 0.001. They are trained to minimize the MSE loss over a series of epochs, and

performance is monitored through custom callbacks (LossHistory).

Two keymetrics are utilized to evaluatemodel performance: NMSE and cosine correlation

(ρ). NMSE is calculated as

NMSE = E
{∥HHHo −HHHp∥2

2
∥HHHo∥2

2

}
(3.35)

whereHHHo andHHHp denote original and predicted data respectively. This metric is essential

for assessing the accuracy of the reconstructed signal. Cosine correlation, on the other

hand, is used to evaluate the similarity between the original and predicted data, determined

by,

ρ = E
{ ∑(HHHo ×HHHp)
∥HHHo∥2 × ∥HHHp∥2

}
(3.36)

The final stage involves testing the models under varying SNR conditions by introducing

Gaussian noise to the test data. The performances of the models are then evaluated across

a spectrum of SNR values using the aforementioned metrics.

3.4.1 System-Level Impact of NMSE and Cosine Correlation

NMSE and cosine correlation (ρ) are widely used as surrogate measures of CSI reconstruc-

tion quality because they quantify how accurately the reconstructed channel ĥhhmatches the

true channel hhh. However, their true significance lies in their impact on end-to-end com-

munication performance. Among the two metrics, cosine correlation has the most direct
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relationship with beamforming gain, which can be expressed as

G = |hhhHĥhh|2

∥hhh∥2∥ĥhh∥2
= ρ2. (3.37)

Thus, a higher ρ directly translates into better alignment between the beamforming vector

derived from the reconstructed CSI and the optimal beamforming direction, resulting in

higher array gain and received signal power. Similarly, lower NMSE indicates a more

accurate reconstruction of the channel coefficients, which generally improves precoding

and resource allocation decisions. Consequently, improvements in NMSE and ρ typically

lead to higher effective SINR and, therefore, higher spectral efficiency according to

R = log2(1 + SNR). (3.38)

The impact of CSI reconstruction quality extends beyond throughput to link reliability and

energy consumption. More accurate CSI enables better interference suppression and sig-

nal detection, leading to lower BER, particularly in high order modulation schemes where

channel estimation errors have a pronounced effect. Furthermore, accurate CSI allows

the transmitter to focus energy more effectively toward the intended user, reducing the

transmit-power margin required to achieve a target SNR. This improves energy efficiency

and reduces the need for retransmissions, thereby enhancing overall network performance.

Therefore, improvements in NMSE and ρ indirectly contribute to gains in beamforming

efficiency, spectral efficiency, BER performance, and energy consumption.

However, two models with similar NMSE values can still produce substantially differ-

ent communication performance. NMSE is an average error metric and does not reveal

where the reconstruction errors occur within the CSImatrix. Communication performance

depends disproportionately on the accuracy of dominant propagation paths, spatial direc-

tions, and phase information. A model whose error is uniformly distributed across all co-

efficients may preserve the dominant channel structure and beamforming direction very

well, resulting in high ρ and excellent system performance. In contrast, another model
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with the same NMSE may concentrate its errors on the strongest channel components,

leading to poorer beamforming alignment, lower spectral efficiency, and higher BER.

Therefore, NMSE alone is insufficient to fully characterize communication performance,

which is why both NMSE and ρ should be evaluated alongside system-level metrics such

as beamforming gain and spectral efficiency.

3.5 Simulations and Experimental Results

Simulations were conducted in an indoor pico-cellular setup at 5.3 GHz with 1024 subcar-

riers, using a 32-antenna BS in a 20 m × 20 m area and randomly placed UE. The ResNet

model incorporated two residual blocks with a 512-dimensional encoded layer, optimized

for a 32× 32× 2 CSI matrix input. Training used 100, 000 samples, with 30, 000 for vali-

dation and 20, 000 for testing, learning rate 0.001, batch size 200, and 500 epochs for both

the autoencoder and DRT models. Model performance was evaluated across SNR levels

from −5 to 40 dB using NMSE and cosine correlation metrics on noisy test data. Re-

sults showed the DRT model’s enhanced noise robustness and accuracy, with consistently

lower NMSE and higher cosine correlation than baseline models.

3.5.1 Generation of Training Data and Challenges

The DL model’s training data was generated using the COST 2100 model, simulating

CSI with varying SNRs, antenna configurations, and environmental settings. Training

data was calculated for Nt, Nc, SNR, and HHHn = [hn,1, hn,2, . . . , hn,Nt ] ∈ C1×Nt , for

n = 1, 2, . . . , Nc. The dataset includes 100,000 training, 30,000 validation, and 20,000

test samples, with each CSI matrix of size 32× 32× 2 (for 32 subcarriers and antennas).

Each sample thus contains 2048 values, separating real and imaginary parts.

Generating realistic training data is challenging due to the complexity of massive MIMO

channels, sparsity, and feedback overhead, addressed here using DRT. Massive MIMO,

with many antennas (Nt) and subcarriers (Nc), results in high-dimensional CSI matrices,

demanding efficient data handling to manage storage and processing loads-a need met by
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Table 3.1: Simulation and Model Parameters

Parameter Value
Carrier frequency 5.3 GHz
Cell environment Indoor pico-cell
Cell area 20 m× 20 m
Number of subcarriers (Nc) 1024
Number of BS antennas (Nt) 32
UE placement Random within cell
CSI matrix dimension 32× 32× 2
Number of CSI values per sample 2048
Model architecture ResNet with 2 residual blocks
Encoded feature dimension 512
Batch size 200
Learning rate 0.001
Epochs (Autoencoder & DRT models) 500
Training samples 100,000
Validation samples 30,000
Test samples 20,000
Channel model COST 2100
SNR range −5 to 40 dB
Noise type Additive synthetic noise
Performance metrics NMSE, Cosine Correlation

DRT.Noise significantly impacts CSI in practice, so the training data covers various SNRs,

with synthetic noise added to enhance model robustness. The sparse CSI representation

from DRT allows faster, computationally efficient processing, making the model suitable

for real-time applications.

The training data was generated with parameters from (3.14) to capture the complexity of

massive MIMO systems. The dataset size was designed to ensure good model generaliza-

tion, with emphasis on managing the high dimensionality, sparsity, and noise robustness

of the CSI matrices.

3.5.2 Data Preprocessing Phase

The data preprocessing phase in Algorithm 1 plays a critical role in obtaining the CSI with

DL. This phase transforms the complex channel data into a more manageable form.

The DRT first converts the complex channel data into polar coordinates (magnitude and

phase). This transformation essentially reduces the feedback overhead. The preprocess-

83



CHAPTER 3. DRT-ASSISTED DL FOR MASSIVE MIMO CSI FEEDBACK
REDUCTION

ing step also helps to isolate the key features of the data that are most relevant for the DL

model, thereby improving its focus and accuracy. The dimensionality reduction achieved

during this phase also helps in decreasing the computational load and accelerating the

training process without sacrificing model accuracy. Additionally, this transformation

enhances noise robustness, which helps in maintaining a high performance in noisy envi-

ronments.

3.5.3 Performance Assessment

Fig. 3.5 shows ρ performance across varying SNR (dB) levels, comparing our method

with the DFT based DL mechanism [248] and other techniques. The noise free ideal

threshold (ρ or NMSE without noise) is also shown. ρ values for all algorithms increase

with SNR, with the proposed DRT consistently outperforming others at all SNR levels,

with a 126.19% improvement in performance observed.

Fig. 3.6 shows the NMSE performance of the DFT based DL algorithm with noise [65],

DeepAE [199], and the proposed DRT based DL, following pre-training. The horizontal

line at −30 dB represents the benchmark NMSE for the DFT based DL algorithm under

noise free conditions. In noisy environments, the NMSE of the DFT based DL algorithm

degrades significantly. As SNR increases, both DFT based and DRT based mechanisms

show a gradual NMSE reduction. The proposed DRT based DL method improves perfor-

mance by 81.81% over the DFT based DL algorithm.

Figs. 3.7 and 3.8 assess the performance of DRT basedDL at different learning rates (LRs).

Fig. 3.7 presents cosine correlation vs SNR, showing that DRT based DL outperforms the

DFT based DL across various LRs. Fig. 3.8 depicts NMSE vs SNR for both methods at

different LRs, with the DRT based DL method exhibiting lower error compared to the

DFT based DL.

The Fig. 3.9, represent the relation between cosine correlation vs SNR (dB) for 32 DFT

based DL and 32, 64, 128 and 256 DRT (Indoor/Outdoor) based DL antennas. After

simulating the DRT and DFT based DL algorithm for different size of antennas our DRT
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Figure 3.5: Cosine correlation vs SNR (dB) with and without noise simulations results for
DRT based DL (Indoor/Outdoor) and DFT based DL with different algorithms.

Figure 3.6: NMSE vs SNR with and without noise simulations results for DRT based DL
(Indoor/Outdoor) and DFT based DL with different algorithms.

gives better result. Fig. 3.10, shows the relation between NMSE vs SNR of 32 DFT based

DL and 32, 64, 128 and 256 DRT (Indoor/Outdoor) based DL antennas. After comparison

the results the DRT based DL method give better as DFT.
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Figure 3.7: Cosine correlation vs SNR (dB) for different learning rates (LR).

Figure 3.8: NMSE vs SNR for different learning rates (LR).

3.5.4 Real World Challenges for the Proposed Method and Solutions

Real-time implementation of the proposed scheme faces challenges due to massiveMIMO

and DL application complexities. Practical massive MIMO systems encounter hardware

issues like high complexity, cost, and scalability. The proposed system antennas and RF

chains require in the orders of 32 × 32, 64 × 64, up to 256 × 256, leading to challenges

in power, calibration, and synchronization. These challenges can be addressed by using

hybrid beamforming with dedicated RF chains, rather than full digital beamforming [249,
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Figure 3.9: Cosine correlation vs SNR (dB) comparison of 32 DFT and 32, 64, 128 and
256 DRT (Indoor/Outdoor) based antennas.

Figure 3.10: NMSE vs SNR comparison of 32 DFT and 32, 64, 128 and 256 DRT (In-
door/Outdoor) based antennas.

250], and low-resolution ADCs at each antenna can help reduce power and cost [251, 252].

Further, the challenges due to DL applications in MIMO arise due to the use of ADAM

optimization for high dimension gradients. The DL model uses the ADAM optimization

algorithm [253] for training. The ADAM algorithm updates the parameters based on the

87



CHAPTER 3. DRT-ASSISTED DL FOR MASSIVE MIMO CSI FEEDBACK
REDUCTION

gradients gt at time step t, with the following updates:

mt = β1mt−1 + (1− β1)gt

vt = β2vt−1 + (1− β2)g2
t

θt+1 = θt − α ·
mt√vt + ϵ

(3.39)

Here, gt is the gradient of the loss with respect to the weights, mt and vt are the first

and second moment estimates, and α, β1, β2, and ϵ are hyperparameters. In large-scale

MIMO, the gradient dimension corresponds to the antenna count, so a 256× 256 system

has a gt with 65,536 elements, making updates computationally demanding and challeng-

ing memory/speed. These challenges can be eased using gradient pruning [254], parallel

computing, or 16-bit precision for updates.

3.6 Computation Complexity of the Proposed Scheme

The implementation of the proposed scheme first involves the application of DRT, where

conventionally, DFT has been used. The direct computation of DFT requires O(N2) op-

erations. However, the fast Fourier transform (FFT) - an optimized algorithm to compute

the DFT - reduces this computational complexity toO(N logN). The complexity of DRT

is similar to the FFT, that is O(N logN). The recursive structure of DRT, which involves

operations like splitting and summing sequences, allows it to achieve this efficiency. How-

ever, the operations in DRT are tailored to enhance specific properties like high correlation

and energy compaction, which are beneficial for certain applications. Computational com-

plexity of a DRLmodel, we analyze the different components involved in the learning and

inference processes. The complexity is expressed in terms of floating point operations per

second (FLOPS).

3.6.1 Neural Network Complexity - Fully Connected Layer

For a fully connected (dense) layer, the computational complexity [255][256] can be calcu-

lated based on the input size nin (number of input features) and the output size nout (number
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of neurons in the layer). In a fully connected layer, as each input feature is multiplied by

a weight for each output neuron nout × nin multiplications are needed. Then the products

are summed up for each output neuron excluding the initial term, giving nout × (nin − 1)

additions. Additionally, a bias term is added for each neuron. Therefore, the total FLOPS

for one fully connected layer is FLOPSFC = nout×nin +nout× (nin− 1) which simplifies

to FLOPSFC = 2× nout × nin − nout. As for large networks nout << nin, Thus,

FLOPSFC ≈ 2× nout × nin (3.40)

3.6.2 Complexity of a Convolutional Layer

For a convolutional layer, the complexity [257] depends on: Input Feature Map Size:

H ×W (height and width) Number of Input Channels: Cin Kernel Size: K ×K (assum-

ing square filters) Number of Output Channels:Cout Output Feature Map Size:Hout×Wout

(height and width of the output feature map) each output pixel requires K ×K multipli-

cations for each input channel and the sum of these products. Therefore, the FLOPS for a

convolutional layer is:

FLOPSConv = Hout ×Wout × Cout ×
(
Cin ×K2

)
× 2 (3.41)

3.6.3 Total Computational Complexity for the NN

For a neural network with multiple layers, the total FLOPS can be obtained by summing

the FLOPS for each layer:

FLOPSNN =
L∑

l=1
FLOPSl, (3.42)

where L is the total number of layers in the network, and FLOPSl represents the FLOPS

for the l-th layer, which can be a fully connected layer, convolutional layer or another type

of layer.
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3.6.4 Processing Power and Time Complexity of NN

Let P be the processing power in FLOPS, which represents the number of floating-point

operations the hardware can perform per second. The time taken to execute the neural

network TNN can be calculated as: TNN = FLOPSNN
P

, where TNN is the inference time of the

neural network in seconds.

3.6.5 Comparison between Channel Coherence Time and Neural

Network Inference Time

A fundamental requirement for the proposed scheme, the channel gain HHH must remain

constant during one NN inference time, TNN . The channel coherence time, Tc, defines the

duration in whichHHH is constant. Thus, TNN ≪ Tc. If TNN exceeds Tc, channel conditions

change during processing, leading to outdated CSI and lower performance. The coherence

time, inversely related to the Doppler spread fD, is Tc ≈ 1
fD

= c
vfc

where v is the receiver

speed (m/s), fc the carrier frequency (Hz), and c the speed of light (3×108 m/s). For a car

moving at v = 27.78m/s with fc = 5.3GHz, we get fD = 490.47Hz and Tc ≈ 2.038ms.

Let TNN depend on NN complexity C (FLOPS) and processing power P (FLOPS), then

TNN ≈ C
P
. as detailed in Section VI.

As mentioned above,

TNN < Tc (3.43)

We calculate TNN for the parameters used in our work, that is nin = 1024 and nout = 512,

H = W = 32, Cin = 64, kernel size K = 3, and Cout = 128. The FLOPS for the

fully connected layer are obtained as, FLOPSFC = 2× 512× 1024 = 1, 048, 576 FLOPS

The FLOPS for the convolutional layer are obtained as FLOPSConv = 32 × 32 × 128 ×

(64× 32)× 2 = 32× 32× 128× 576× 2 = 754, 974, 720 FLOPS. The total FLOPS for

the NN are obtained as FLOPSNN = 1, 048, 576 + 754, 974, 720 ≈ 756, 023, 296 FLOPS
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Inference Time with Processing Power P = 1 TFLOPS ( P = 1012 FLOPS)

TNN = 756,023,296
1012 seconds = 0.756 ms. Thus, TNN < Tc, which shows that during one

inference cycle of the NN, the channel gain will remain unchanged, thereby allowing

efficient estimation.

3.6.6 Throughput-Based Assessment of CSI Estimation Accuracy

Yes. CSI estimation accuracy can be measured in terms of throughput by using the recon-

structed channel matrix ĤHH to design the precoder and then evaluating its performance on

the true channel HHH . The resulting SNR can be used to compute the achievable through-

put through Shannon’s capacity relation. This approach provides a direct system-level

assessment of CSI quality, since more accurate CSI reconstruction generally leads to bet-

ter beamforming, reduced interference, higher SNR, and consequently higher throughput.

Therefore, throughput serves as a practical and communication-oriented measure of CSI

estimation accuracy, complementing traditional reconstruction metrics such as NMSE and

cosine correlation.

3.7 Conclusion

In summary, this chapter presents a novel DL-based channel feedback framework that in-

tegrates the DRT to significantly enhance CSI reduction and reconstruction performance

in massive MIMO systems. Our analysis highlights the limitations of conventional DFT-

based CS methods, particularly their higher computational complexity and degraded ef-

ficiency in sparse or noisy environments. By contrast, the proposed DRT enabled DL

architecture preserves structural sparsity, reduces complexity, and enables more effective

feature extraction for CSI compression.

Extensive simulations conducted using the COST 2100 channel model demonstrate the

superiority of the proposed scheme across a wide SNR range. Quantitatively, the DRT-

assisted algorithm achieves notable performance gains improving cosine correlation by

126.19% and NMSE by 81.81% compared to the DFT-based DL approach. These im-
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provements are especially prominent in low SNR conditions, where accurate CSI esti-

mation is typically challenging. The enhanced robustness, reduced feedback overhead,

and scalability offered by the DRT-based framework position it as a strong prospect for

next-generation wireless communication systems.

Overall, the findings of this work underscore the potential of DRT-assisted DL for efficient

and reliable channel feedback in advanced massive MIMO deployments. By address-

ing key bottlenecks associated with DFT-based CSI reduction, our approach contributes a

practical, high performance solution for 5G and future 6G networks requiring fast, accu-

rate, and low complexity channel estimation.
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Chapter 4

Hadamard Transform Enhanced

DL-for Massive MIMO CSI Feedback

Reduction

As discussed in the last chapter, reducing the CSI feedback overhead is essential in mas-

siveMIMO 5G and emerging 6G technologies. Although CS has been proposed to address

this issue, the use of the DFT within CS results in high computational complexity. For

efficient CSI feedback reduction via CS, DRT-based DL was introduced. However, DRT-

based DL also has some limitations. DRT-based DL is not strictly orthogonal for all signal

lengths. Thus, energy is not perfectly preserved and inverse reconstruction can introduce

numerical errors. This non-orthogonality can amplify small perturbations during decod-

ing, reducing numerical stability, especially under less SNR conditions. Additionally, this

method requires external normalization or scaling to enable accurate reconstruction, in-

creasing processing steps. Its transform structure is also sensitive to input ordering, mak-

ing it less robust for DL models that require permutation invariant feature extraction. To

overcome these limitations, this chapter proposes HaDLeMO: HaHaHadamard DDDeep LeLeLearning

for massive MIMOMOMO which uses the discrete Hadamard transform (DHT). HaDLeMO of-

fers superior energy compaction, permutation invariance, and pattern recognition capa-

bilities with lower computational overhead compared to DFT. With the application of
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DHT into a CS-DL framework, our approach enhances sparsity representation and con-

vergence efficiency. At an SNR of 10 dB, the simulation results clearly demonstrate the

superiority of the proposed HaDLeMO scheme. For NMSE, the existing DFT-based DL

method achieves a baseline value of 7.0, while DeepAE improves it to −5.01. In con-

trast, HaDLeMO significantly outperforms both with an NMSE of −11.04. Similarly, in

terms of cosine correlation, the baseline DFT-based DL scores 0.42, and DeepAE reaches

0.471, whereas HaDLeMO achieves a much higher value of 0.880. These results confirm

that HaDLeMO delivers substantially better CSI reconstruction accuracy compared to the

existing methods.

4.1 Overview

The arrival of 5G and impending 6G communications have led to the development of novel

technologies, to increase data throughput, channel capacity, and reduction of feedback

overhead [200, 258]. Massive MIMO, is one of these technologies that employs multi-

antenna base stations and access points.

Massive MIMO uses a huge number of antennas [216] at the BS. The number of antennas

can vary from hundreds to thousands, used in a centralized [259] or decentralized [260,

261] manner. This results in improved overall throughput and a significant reduction in

interference [262]. However, this system requires energy-intensive devices and sophisti-

cated signal processing, which is expensive. Therefore, it is essential to investigate simple

and energy-efficient implementation strategies that support sustainable and environmen-

tally friendly solutions.

As discussed in chapter 3, the downlink CSI, in modern MIMO systems [263, 264] is ac-

quired from users during the training process. The information is transmitted through a

feedback link back to the BS [265]. The amount of feedback in massive MIMO is signif-

icantly high, resulting in important overhead. Minimizing the feedback load [221] while

maintaining communication efficiency is a fundamental problem addressed in several re-

search works [266, 179, 267, 177, 224, 268, 184, 64].
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Liang et al. [266] use CS in massive MIMO systems to reduce the feedback load for CSI.

The authors introduce sparsity-based adaptive feedback algorithms that dynamically adapt

in response to channel conditions in spatially correlated antenna arrays. Ge et al. [179]

demonstrate the possible transformation of correlated CSI into an uncorrelated sparse vec-

tor, which enables CS to calculate a sparse vector accurately using an inadequately spec-

ified linear system. To increase the predictive accuracy and interpretability of the statis-

tical model, Shalom and Han et al. [267, 177] suggest the LASSO-l1-solver, a regression

analysis technique that carries out both variable selection and regularization. The authors

in [224] introduced AMP, a method based on CS and updating estimates of sparse sig-

nals. In [268], block matching 3D-approximate message passing (BM3D-AMP) has been

proposed. In [225], AMP-Net is a deep unfolding framework designed to enhance com-

pressive image sensing by integrating denoising techniques into the AMP algorithm. It

is an expansion that combines the ideas of BM3D with AMP. In [184], block matching

and collaborative filtering form the foundation of the BM3D-AMP denoising algorithm,

which uses an approximation message forwarding framework. However, due to a basic

sparsity assumption, a high dimensional signal can be represented using only a small num-

ber of significant coefficients, with the remaining values being zero or negligibly small,

it can have problems when recovering the CSI. The approximate sparsity of the channel

matrix makes previous CS-based modeling difficult and severely degrades reconstruction

quality.

Data are compressed using random projections when CS is applied in the aforementioned

mechanisms. It involves reducing the dimensionality of the data by multiplying it by a

random matrix. Wen et al. [64] present a DL-based mechanism that uses the information

in the feature maps rather than random projections to construct a compressed codeword.

The authors sparsify the data, at the encoder end, and retrieve the data, at the decoder end,

using the DFT and inverse DFT.

UsingDFT in sparse data can cause a delay in algorithm convergence [229]. Sparse signals

contain many zero- or almost zero-coefficients. The DFT application involves breaking

the signals into sums of sinusoidal functions. Sinusoids distribute energy across many fre-
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quency components. As a result, DFT fails to localize sharp features and introduces spec-

tral leakage when a signal frequency does not perfectly match the discrete frequency bins

of the transform. The energy spreads across multiple bins, distorting frequency analysis,

which results in an inefficient handling of sparsity. In order to interpret sparse signals and

converge to a solution, DFT-based algorithms need additional iterations, which increases

computational burden and results in poor data compression. Consequently, these methods

may face limitations in meeting the data rate demands of 5G and beyond communica-

tions. Furthermore, CS-based applications require transforms that can identify patterns

regardless of the order of input pieces.

To overcome the limitations of DFT based CS, in the last chapter, a DRT-based DL mech-

anism was proposed for CSI feedback reduction in massive MIMO. However, DRT-based

DL mechanisms further have certain limitations. It significantly reduces CSI feedback

overhead and computational complexity compared to DFT-based CS, it still suffers from

important limitations. The DRT-based DL method is not strictly orthogonal for all signal

lengths, leading to imperfect energy preservation and reconstruction errors during inverse

transformation. Its non-orthogonality can also amplify small numerical problems, reduc-

ing stability in noisy or low-SNR environments. Additionally, this method requires addi-

tional normalization or scaling steps to recover the original signal, adding implementation

overhead. These factors limit the robustness and reconstruction accuracy of DRT-based

DL frameworks, especially in practical massive MIMO scenarios with noise, mobility,

and hardware imperfections.

Although, DHT based prior works also emphasize image coding [269], mathematical the-

ory [270] and analog compression limits [271]. Pan and Park et al. [272, 273] employed

DHT-based neural networks to reduce computational cost. Pan et al. [272], introduced a

novel neural network layer that replaces conventional 1×1 convolutions with a fast DHT

combined with a smooth thresholding denoiser. They further proposed multiplication free

Hadamard-based operators to implement 3×3 depthwise separable convolutions. By inte-

grating these lightweight DHT layers intoMobileNet-V2, the model achieves a substantial

reduction in parameters with only a minor accuracy loss. But, their design focuses on fea-
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ture representation along the width and height dimensions through a scaling layer. More

recently, Pan et al. [274] extended this framework by introducing channel wise processing

in the Hadamard domain, enabling the extraction of channel specific features and propos-

ing a quantum computing-based network realization.

In this chapter, we propose Hadamard DL for massive MIMO (HaDLeMO) optimization.

HaDLeMO is an improved CS-based DL mechanism assisted by the DHT to obtain the

CSI in a massive MIMO system. A similar approach has been proposed in [272] but

the author donot incorporate channel wise feature extraction. Specifically, we exploit

neural architectures to jointly learn feature extraction, denoising, and efficient feedback

coding, addressing the challenges of scalability, robustness, and real-time adaptation in

next-generation wireless communications. DHT has a permutation invariant property and

produce a sequence with a higher correlation value compared to DFT.

The contributions made in this work are as follows.

1. Effective feedback with improved data sparsification: HaDLeMO enhances CSI

feedback by combining DL with the DHT, which produces highly sparse and struc-

tured representations of the channel. Since DL models rely on meaningful feature

extraction, the DHT reorganizes CSI into patterns that are easier for the network to

learn. Its orthogonal and multiplication free nature preserves signal energy while

highlighting dominant components. This allows the DL encoder to generate com-

pact, informative feature maps. Consequently, HaDLeMO provides efficient sparsi-

fication and significantly reduces feedback overhead with improved reconstruction

performance.

2. Independence from the sequence of input variables: Permutation invariance is cru-

cial for DL-based sparsification of MIMO-CSI, as the network must recognize pat-

terns regardless of how input elements are ordered. HaDLeMO achieves this be-

cause the DHT is inherently insensitive to permutations in the input sequence. This

ensures that the extracted features remain stable even when CSI elements vary in

arrangement. As a result, the model becomes more robust, learns more generaliz-
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able representations, and avoids errors caused by order dependent transforms like

the DFT.

3. Enhanced resilience to noise: HaDLeMO exhibits strong robustness to noise be-

cause the DHT is insensitive to phase distortions and focuses on capturing essential

structural patterns in the CSI. This characteristic is crucial for DL models, which

often degrade when trained or tested on noisy inputs. By providing noise resilient

feature representations, HaDLeMO enables more accurate CSI reconstruction even

under severe SNR degradation. Consequently, the framework maintains stable per-

formance and reliability in practical massive MIMO deployments.

4. Decreased computational intricacy: HaDLeMO benefits from the DHT’s multi-

plication free structure, which significantly reduces computational cost, especially

when processing large CSI datasets typical of massive MIMO. This reduction in

arithmetic operations enables faster feature extraction and lighter DL models. As a

result, the overall system becomes more scalable, energy efficient, and suitable for

real time CSI feedback. The reduced complexity also helps deploy the model on

hardware constrained devices without sacrificing performance.

5. Feedback mechanism for adaptive and flexible CSI: The proposed framework in-

corporates an adjustable thresholding mechanism that adapts to varying channel

conditions and system requirements. This flexibility enables dynamic tuning of the

feedback rate, allowing the system to trade off reconstruction accuracy and feed-

back overhead intelligently. As network conditions fluctuate, the model automati-

cally adjusts its sparsification level to maintain reliable CSI quality. Such adaptive

behavior ensures consistently optimal performance across diverse scenarios.

The remainder of the chapter is structured as follows. Section 4.2 presents the system

model. Section 4.3 presents the structural design for channel feedback and outlines the

HaDLeMO mechanism. Implementation of the algorithm in Section 4.4. Section 4.5

presents the simulation and experimental findings, and Section 4.6 illustrates the com-

plexity of HaDLeMO, while Section 4.7 provides the concluding remarks.
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4.2 System Model

We assume a massive downlink MIMO system in a single cell consisting of Nt transmit

antennas at the BS and one receiver antenna at the UE. The system functions at OFDMA

over Ñc sub-carriers.

Figure 4.1: Structure Model of Downlink Pilot CSI Feedback Massive MIMO System

Let H̃HH = [h̃hh1, h̃hh2.....h̃hhÑc]H ∈ CÑc×Nt be stacked in the spatial frequency domain as the CSI.

The BS needs the CSI of the downlink channel gain H̃HH to design its precoding vector pppn

to steer the signal to the designated UE. To gather the information of H̃HH , the BS transmits

pilot signals to the UE over the downlink [275]. The UE receives the pilot signals and

estimates the downlink channel H̃HH . Next, the UE sends the CSI feedback H̃HH to the BS

on feedback channels. Finally, the BS uses this CSI feedback to perform precoding and

optimize the next transmission.

Let h̃hh
H

n ∈ C1×Nt and pppn ∈ CNt×1 denote the channel matrix-vector and precoding vector.

The signal yn received the nth subcarrier on UE is expressed as

yn = h̃hh
H

n pppnxn + wn, (4.1)

where xn ∈ C and wn ∈ C represent data-bearing symbols and noise added to the nth

sub-carrier.
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The precoding vector [pppn, n = 1, 2.......Ñc] can be designed by the BS after it has received

the feedback H̃HH . As mentioned above, in the FDD system, the UE sends H̃HH back to the

BS. In the massive MIMO, the whole set of feedback values,NtÑc, is large and cannot be

transmitted efficiently through a limited number of input links. Note that the estimation

of the downlink channel in UE is outside the scope of our research. It is assumed that the

perfect CSI has been achieved by pilot training at UE [234]. We focus on the feedback

side of the scheme.

Employing HaDLeMO, we propose using DHT to sparsify H̃HH within the area of angular

delay to minimize the feedback overhead. The sparsified channel matrixHHH is given as

HHH = XdH̃HHX
H
a , (4.2)

where Xd and Xa are Ñc × Ñc and Nt × Nt DHT matrices, respectively. Liu et al. per-

formed a realization of the value ofHHH with the COST 2100 model [235]. It was found that

HHH comprises a very small percentage of large-magnitude components. The power delay

profile of multi-path arrivals has a limited duration. As a result, only the first Nc < Ñc

rows have significant values. Thus, we retain only the first Nc rows of HHH . Further, for

simplicity, we write HHH to represent the truncated Nc × Nt matrix. However, in massive

MIMO, even the reduced overall feedback parameters N = NcNt has a high value.

The focus of HaDLeMO lies in creating an encoder as

s = fen(HHH), (4.3)

for transforming HHH into an M -dimensional vector (codeword), where M < N . γ =

M/N represents the ratio of data compression. The original channel is decoded from the

codeword as

Ĥ̂ĤH = fde(s). (4.4)
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The function fen(∙) represents the encoder that extracts features and compresses the CSI

into a compact codeword, while fde(∙) denotes the decoder that reconstructs the CSI from

this compressed representation. Together, they form the end-to-end DL pipeline for CSI

feedback. For the CSI feedback, after acquiring the channel matrix H̃HH at the UE side, we

implement DHT, equation (4.2), to produce the truncated matrix HHH . We next utilize the

encoder, equation (4.3), to produce a codeword s. Afterward, s is transmitted back to the

BS, where the decoder, equation (4.4), is utilized to produce the result Ĥ̂ĤH . To get the final

channel matrix in the spatial frequency domain, the inverse DHT can be applied.

4.3 The Architecture of HaDLeMO

The objective of HaDLeMO is to develop an efficient feedback representation HHH . We

employ CNNs [276] because they effectively capture spatial correlations in the encoder

and decoder by connecting neurons in adjacent layers. The length (L1), width (W2), and

number of feature maps (N3) of the proposed DL architecture are illustrated in Fig. 4.2.

LetHHHr andHHH i represent the real and imaginary components ofHHH , which is the form of H̃HH

after sparsification by the use of DHT.HHH i andHHHr are supplied as input to the encoder’s

first layer. This layer uses 3×3 kernels, a convolutional layer, and two feature maps. After

the feature maps are transformed into a vector, an actual vector s of sizeM is produced.

Thus, a codeword is generated by a completely linked layer. The design of the first two

layers is based on CS theory. These layers serve as encoders, reducing the data size without

sacrificing any important information.

On the decoder side, we use multiple layers that function as decoders to transform the

codeword s back into the channel matrix Ĥ̂ĤH . The completely linked first layer views the

symbol s as an input. It generates two matrices, each of the orderNc×Nt, representing an

initial approximation of the real and imaginary components ofHHH . As shown in Fig. 4.2,

each regeneration (ReGen) [277] unit consists of four layers, with the input layer being

the first. The subsequent three levels employ 3×3 similar kernels. Eight feature maps are

created using the next two layers, and the third creates sixteen layers. The final estimate
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Figure 4.2: (a)HHH ∈ C32×32 is the magnitude representation of false color. (b) Architecture
of HaDLeMO Encoder and Decoder.

ofHHH is the result of the last layer.

The featuremaps generated by the three convolutional layers are scaled using zero padding

to fit the dimensions of the input channel matrix, which has a size ofNc×Nt. The rectified

unit, denoted as ReUn(γ) = max(γ, 0), is used to apply batch normalization to each layer

and function as the activation function.

In contrast to CNNs, which use a pooling layer to decrease the dimensions by down-

sampling, HaDLeMO seeks refinement instead of dimensionality reduction. As a result,

the outcome size of the ReGen unit and the channel matrix size are equal. Secondly,

HaDLeMO uses the idea of deep residual networks (ResNet) [241, 278] and employs

comparably shorter connections in the ReGeN unit to enable direct data transmissions to

higher layers. This prevents the disappearing gradient issue that can occur when many

layered nonlinear transformations are applied.

The real-world results demonstrate that the two ReGen units work best when combined

[279, 240]. After being refined by a number of ReGen units, the channel matrix enters

the final convolutional layer, where the sigmoid function scale value [0, 1] is used. More

feature maps can be added to our suggested method to cover scenarios where the UE has

more than one antenna.

Using this method, we assume that all the kernels and the dominant values of the encoder
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and decoder are learned end-to-end. This process is fundamentally different from the

two-stage approach used by Yao et al. [241]. In DR2-Net, image reconstruction from

compressivemeasurements is performed through a linearmapping network that produces a

coarse but high quality initial estimate, followed by a residual learning network that further

refines the reconstruction. This joint design enables substantial performance gains over

traditional CS-based techniques by effectively correcting errors left from the initial linear

reconstruction. The collection of parameters is shown as ∆ = {∆en,∆de}. The suggested

approach takesHHH i as input. When an encoding operation followed by a decoding operation

is performed onHHH i, it is expressed asHHH i = f(HHH i; ∆) = fde(fen(HHH i; ∆en); ∆de) for the

ith patch. Furthermore, the normalized channel matrices our suggested approach produces

as input and output have elements scaled by the [0, 1] range. HaDLeMO functions as an

unsupervised learning algorithm, as the autoencoder. The MSE loss function is employed

to update the set of parameters using the ADAM algorithm. The MSE is computed as

follows:

L(∆) = 1
T

T∑
i=1
||f(sssi; ∆)−HHH i||22, (4.5)

where ∥ . ∥2 indicates the Euclidean standard, whereas the symbol T represents the total

number of training set samples extracted.

4.3.1 Problem Formulation

The proposed HaDLeMO architecture heavily relies on efficient DFT computation. How-

ever, DFT is likely to face inefficiency in an environment with sparse signals. As a rela-

tively faster algorithm, DHT [280] is optimal in these situations. It was developed similar

to the decimation in frequency (DIF) and fast Fourier transform (FFT).

DFT has a long history of use in ML applications based on signal processing and spec-

tral analysis. However, in the case of sparse [229] data, DFT might impede algorithm

convergence. Consequently, it may be unable to handle the data rates needed for 5G and

beyond. Its dependence on the order of elements causes difficulties in DL applications ow-
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ing to permutation invariance [64]. Transforms that can identify patterns independently

of the order of input items are required for DL applications. Additionally, DL is highly

noise-sensitive. However, as DHT is less sensitive to phase information and can cap-

ture important patterns, it provides improved noise robustness to DL. DL necessitates the

extraction of features for various data structures.

4.3.2 Discrete Hadamard Transform

DHT [281] is a mathematical transformation used to process signals. It transforms a vector

of real numbers into another vector of real numbers, using an orthogonal matrix called

the Hadamard matrix. The Hadamard transform HmHmHm is a 2m × 2m matrix, scaled by a

normalization factor, that can transform 2m real numbers of xn into 2m real numbers of

Xk. The 1 × 1 Hadamard matrixH0H0H0 can be defined as the identity matrixH0H0H0 = 1. The

first order Hadamard matrix is represented as

H1H1H1 =

 1 1

1 −1

 . (4.6)

In general, form > 0,

HmHmHm =

 Hm−1Hm−1Hm−1 Hm−1Hm−1Hm−1

Hm−1Hm−1Hm−1 −Hm−1Hm−1Hm−1

 . (4.7)

For higher orders, the Hadamard matrixHmHmHm can be obtained by the tensor product

HmHmHm = H1H1H1 ⊗Hm−1Hm−1Hm−1, (4.8)

where ⊗ is the Kronecker product operator [282]. Therefore, the Hadamard matrix ele-

ments are only +1 and -1. After performing the transform, the result is scaled by 1
M

or
1√
M
, making the transformation orthonormal.
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The forward Hadamard transform for the column vector x of length 2m the Hadamard

yields

Y = HmHmHmx (4.9)

SinceHmHmHm is orthogonal, the inverse Hadamard transform is given as

x = 1
m
HmHmHmY (4.10)

The one-dimension Hadamard transform equation is represented as

HHH(x, u) = 1
M

(−1)
∑M−1

i=0 (xiui) (4.11)

where M = 2m. The terms xi and ui are the binary representations of x and y. For

example,

(u)decimal = (un−1un−2....u1u0)binary (4.12)

where ui ∈ {0, 1}

F = HHHf (4.13)

Similarly, the two-dimensional Hadamard transform is given as

HHH(u, v) = 1
M

M−1∑
x=0

M−1∑
y=0

f(x, y)(−1)ϕ(x,u,y,v) (4.14)

whereM = 2m, ϕ(x, u, y, v) = ∑n−1
i=0 (xiui + yivi) and n = log2 M is the number of bits

in the binary representations of (x, u, y, v). The exponent ϕ(x, u, y, v) computes a sum

of binary products (modulo 2). The terms xi, ui, yi, and vi are the binary representations

of x, u, y, and v. This transform is mathematically equivalent to applying the recursive
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Hadamard matrixHHHm from (4.7) via the matrix multiplication

F = HHHfHTHTHT , (4.15)

where, HHH is is the Hadamard matrix of size of size 2m × 2m recursively constructed as

shown in (4.7).

In Equation (4.14), the exponent ϕ(x, u, y, v) denotes a sum of binary products (modulo

2), equivalent to the XOR operation. Note that the Hadamard transform in Equation (4.14)

is mathematically equivalent to applying the Hadamard matrix HmHmHm in Equation (4.7) to

the input data. Thus, the Hadamard transform in Equation (4.14) is implemented using the

recursive Hadamard matrixHmHmHm defined in Equation (4.7), where the transform operation

corresponds to matrix multiplication withHmHmHm.

4.3.3 Inputs Parameterization

The existing research works study parameterized macro, micro and picocellular ecosys-

tems. In the present work, we incorporate both outdoor and interior rural settings using the

frequencies 400 MHz, 3.6 GHz [283], and 5.6 GHz [244]. The distributions and parame-

ters considered can be found in [284]. To run the recommended model, it is necessary to

provide a comprehensive description of the environment. The two-way channel through

the transmission and reception arrays st and sr is represented as [245]

HHH(t, τ) = 1
L

∑
n∈α

Vn

√
Sn

Ln

· P∑
p=1

an,p st(Ωn,p ).sr(Ψn,p )δ
(
τ − τ l

n − τM
n,p

) (4.16)

where Vn, Sn, andLn represent the cluster sight gain, shadow fading, and cluster reduction

in intensity. τ l
n represents the cluster link latency, τM

n,p represents the geometric delay, an,p

indicates the complex Gaussian fading of the cluster n’s pth multipath component (MPC),

Ωn,p and ψn,p indicate the direction of departure (DoD) and direction of arrival (DoA) of

the pth MPC in the cluster n. δ(.) represents the Dirac function. As the cluster excess
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delay increases, the latter increases exponentially. The total path loss L, depends on the

separation between the mobile station (MS) and BS. The MS position defines a collection

of visible clusters, known as α.

4.4 Algorithm Implementation

We propose a DL-based mechanism to improve the quality of CSI feedback in FDD mas-

sive MIMO systems. The proposed method is extensive. It includes data preparation, at

the beginning, and training and evaluating neural network models, in the later stages.

If the real and imaginary components obtained with the help of DHT are expressed asHrHrHr

andHiHiHi, the channel gainHHH is expressed in terms of polar coordinates as

ϕ = arctan2(HHH i,HHHr), r =
√
HHH i

2 +HHHr
2. (4.17)

Subsequently, the polar coordinates are converted back to complex numbers as

HHH i = r · sin(ϕ), HHHr = r · cos(ϕ). (4.18)

After preprocessing, the neural network comes in which involves the autoencoder model.

To encode spatial hierarchies, this model consists of convolutional layers with rectified

unit (ReUn) activation functions and dense layers that translate these features into a lower

dimensional space. Then, convolutional layers with linear activation functions are used in

the decoding procedure to reassemble the data.

Furthermore, a ResNet is included in the model, where residual blocks include Batch Nor-

malization and Conv2D layers. These blocks help to enable learning of the identity func-

tion.

Together with the autoencoder, a DNNet model is also designed with the aim of removing

noise from the CSI input. The model is similar to the autoencoder, but it has been fine-

tuned to reduce noise more effectively.
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AnAdam optimizer is used to train and fine-tune these models, and a learning rate of 0.001

is set beforehand. Their performance is tracked by bespoke callbacks, and their training

focuses on minimizing the mean squared error (MSE) loss over a number of epochs (His-

tory of Loss).

The model’s performance is assessed using two important metrics: normalized mean

squared error (NMSE) and cosine correlation (ρ) given as

NMSE = E

{
∥HHHo −HHHp∥2

2
∥HHHo∥2

2

}
, (4.19)

and

ρ = E

{ ∑(HHHo ×HHHp)
∥HHHo∥2 × ∥HHHp∥2

}
, (4.20)

whereHHHo andHHHp signify the original and projected channel data. This metric is critical for

determining the correctness of the reconstructed signal. In contrast, cosine correlation is

used tomeasure the similarity between the original and predicted data, which is determined

by Equation (4.20).

The last step is adding Gaussian noise to the test data to test the models under various

signal to noise ratio (SNR) scenarios. The performance of the models is then evaluated

using the metrics described above in a range of SNR values.

4.5 Simulations and Experimental Results

The simulations use an indoor picocellular scenario with a 5.3 GHz carrier frequency, 1024

subcarriers, and a BS of 32 uniform linear array antennas in a 20 × 20 m2 area, with UE

units randomly distributed. The ResNet model contains two residual blocks and a 512-

dimensional encoder, optimized for 32 × 32 × 2 CSI input. Training employed 100,000

samples, with 30,000 for validation and 20,000 for testing, using a learning rate of 0.001,

batch size 200, and 500 epochs; the DHT model used the same regimen.

Performance was evaluated under SNR levels from –5 dB to 40 dB using NMSE and co-
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Algorithm 2 Implementation of HaDLeMO
1. Data Preprocessing:
a. Transform channel data to polar coordinates via DHT.

ϕ = arctan
(
Im(H)
Re(H)

)
, r =

√
(Re(H))2 + (Im(H))2.

b. Reconstruct complex values from polar coordinates using inverse DHT.

HHH i = r · sin(ϕ), HHHr = r · cos(ϕ).

2. Neural Network Architecture:
a. Construct Autoencoder.

• Encoding: Convolutional layers with ReLU.
• Feature Transformation: Dense layers.
• Decoding: Convolutional layers with linear activation.

b. Refine with ResNet blocks.
• Residual blocks including Conv2D and BatchNorm.
• Enhances learning stability via identity mapping.

3. HaDLeMO Denoising Development:
a. Design a model for denoising CSI feedback.
b. Structure based on autoencoder, optimized for noise resilience.
4. Training and Optimization:
a. Adam optimizer with update rule

θt+1 = θt − η
mt√
vt + ϵ

where learning rate (η) = 0.001,mt and vt are first and second moment estimates.
b. Minimize MSE loss function.
c. Monitor with custom training callbacks.
5. Evaluation:
a. Metrics: normalized NMSE and correlation ρ.
b. Assess reconstruction accuracy via NMSE.
c. Evaluate data similarity using ρ.
6. Testing under Varying SNR:
a. Introduce Gaussian noise to test data.

H̃HH = HHH + n, n ∼ N (0, σ2)

b. Measure performance across SNR levels

SNR = 10 log10

(
E[∥HHH∥2

2]
E[∥n∥2

2]

)
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sine correlation on noise-affected test data. Results showed consistent gains over baseline

models, with HaDLeMO achieving superior noise robustness and estimation accuracy,

indicated by lower NMSE and higher cosine correlation across all SNR levels.

In Fig. 4.3, the NMSE of the DFT-based DL algorithm with noise [65], DeepAE [199],

and the proposed HaDLeMO (post pre-training) is shown. The −30 dB line marks the

benchmark NMSE for the DFT-based DL algorithm under noise-free conditions. With

noise (w), the DFT-based DL suffers severe degradation, while higher SNR gradually

reduces NMSE for both DFT-based DL and HaDLeMO, indicating less noise influence.

At 10 dB, HaDLeMO achieves -11.01NMSE, while DFT-basedDLwith noise can achieve

7, Deep AE can achieve -5.0, and pre-training can achieve -1.01 values.

Fig. 4.4 compares the performance ofHaDLeMOwithDeepAE, Pre-Trainingmethods and

DFT-based DL mechanism [248] for ρ variation under varying SNR (dB) conditions. The

ideal threshold, which is the ρ or NMSE values without noise, has also been shown. The

application of a DFT-based DL mechanism in a noise-free condition has been considered

as a benchmark for the evaluation. At 10 dB, HaDLeMO achieves 0.88 cosine correlation,

while DFT-based DL with noise can achieve 0.42, Deep AE can achieve 0.470, and pre-

training can achieve 0.55 values. DFT-based DL without noise is the threshold considered

here and achieves a cosine correlation of 1.

Figure 4.3: NMSE vs SNR (dB) for HaDLeMO and existing techniques.
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Figure 4.4: Cosine correlation (ρ) vs SNR (dB) for HaDLeMO and existing techniques.

Fig. 4.5, shows the relation between NMSE vs SNR (dB) for a DFT-based DL schemewith

32 antennas and a HaDLeMO scheme with 32, 64, and 128 antennas. After comparison,

we can clearly see that HaDLeMO gives better result than the DFT-based DL method.

Fig. 4.6 represents the relation between Cosine correlation (ρ) vs SNR (dB) for 32 DFT-

based DL antennas and 32, 64 and 128 HaDLeMO-based antennas. After simulating the

HaDLeMO method and the DFT-based DL algorithm for different number of antennas

HaDLeMO gives a better result.

In Figs. 4.7 and 4.8, an assessment of the performance of HaDLeMO at different learn-

ing rates (LRs) has been shown. Fig. 4.7 shows NMSE vs SNR for the application of

HaDLeMO and DFT-based DL methods for different learning rates. For the same learn-

ing rates, we compare the NMSE, HaDLeMO shows less error compared to DFT based

DL method.

Fig. 4.8 shows the graph for the cosine correlation vs SNR for comparison between

HaDLeMO and DFT based DL methods at different learning rates. Clearly, HaDLeMO

outperforms DFT-based DL for different learning rates.
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Figure 4.5: NMSE vs SNR (dB) comparison of existing 32 DFT and 32, 64 and 128
HaDLeMO based antennas.

Figure 4.6: Cosine correlation (ρ) vs SNR (dB) comparison of existing 32 DFT and 32,
64 and 128 HaDLeMO based antennas.

4.6 Complexity Analysis of HaDLeMO

The direct computation of DFT requires O(N2) operations. However, the fast Fourier

transform (FFT) an optimized algorithm to compute the DFT reduces this computa-

tional complexity to O(N logN). The complexity of DHT is similar to the FFT, that is

O(N logN). The complexity is expressed in terms of floating point operations per second
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Figure 4.7: NMSE vs SNR (dB) for different learning rates (LR).

Figure 4.8: Cosine Correlation (ρ) vs SNR (dB) for different learning rates (LR).

(FLOPS).

In neural network architectures, the computational cost is commonly expressed in terms

of FLOPS [256] [255]. For a fully connected dense layer, the complexity depends on the

number of input features Nin and output neurons Nout. Each output neuron requires Nin

multiplications and (Nin− 1) additions, in addition to a bias term. Hence, the overall cost

can be written as

FLOPSFC = 2×Nout ×Nin −Nout. (4.21)
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For large-scale networks, the subtraction term is negligible, and the complexity is approx-

imated by

FLOPSFC ≈ 2×Nout ×Nin. (4.22)

For a convolutional layer, FLOPS depend on the input feature map size (H×W ), the num-

ber of input channelsCin, kernel dimensions (K×K), the number of output channelsCout,

and the output feature map size (Hout ×Wout). Each output value requires K2 multipli-

cations for each input channel and corresponding additions. Therefore, the computational

cost is expressed as

FLOPSConv = Hout ×Wout × Cout × (Cin ×K2)× 2. (4.23)

For an entire neural network, the total FLOPS are obtained by summing the contributions

of all layers:

FLOPSNN =
L∑

l=1
FLOPSl, (4.24)

where L is the number of layers and FLOPSl represents the cost of the lth layer.

4.6.1 Discussion of Estimation Accuracy Between HaDLeMO and

DRT

It is important to note that HaDLeMO and DRT serve different roles within the proposed

framework and therefore cannot be directly compared as equivalent estimation methods.

DRT is a signal transform used to enhance the sparsity and representation of CSI prior

to compression, whereas HaDLeMO is a complete DL-based CSI compression and re-

construction framework that incorporates the DHT transform together with a CNN-based

autoencoder. In terms of estimation accuracy, HaDLeMO consistently achieves superior

NMSE and cosine correlation performance because it combines the benefits of transform-

domain sparsification with DL-based feature extraction and reconstruction. Therefore,

while DRT improves the quality of the CSI representation, HaDLeMO provides a more

comprehensive end-to-end solution and delivers higher reconstruction accuracy.

115



CHAPTER 4. HADAMARD TRANSFORM ENHANCED DL-FOR MASSIVE
MIMO CSI FEEDBACK REDUCTION

4.7 Conclusion

This chapter introduces a novel HaDLeMO-based approach for improved channel esti-

mation by reducing feedback overhead, in a massive MIMO system. The HaDLeMO

scheme independence of input sequence and enhanced noise resistance offers significant

advantages over the DFT-based DL algorithm. These findings underscore the potential of

HaDLeMO in advancing and improving the quality and efficiency of channel feedback in

advanced communication systems.
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Chapter 5

DL-Based Denoising in FDD Massive

MIMO

In massive MIMO FDD systems, channel state information (CSI) feedback is essential.

Traditional CSI methods are highly dependent on the degree of channel sparsity and are

based on compressive sensing (CS). In this chapter, we propose a novel DL-based method

to transform CSI into a low-dimensionality codeword. We construct DeNoNet, a DL-

based denoise network, to enhance channel feedback andmitigate real-world interferences

and nonlinear effects. Simulations results show that proposed DeNoNet mechanism per-

forms better than the existing discrete Rajan transform (DRT)-based DL technique, by

113.18 % in normalized mean square error (NMSE) and 72.72 % in cosine correlation (ρ)

particularly at varying signal-to-noise ratios.

5.1 Overview

The ability of massive multiple input, multiple output (MIMO) to offer high transmis-

sion rates and spectrum efficiency [285] [286] has made it a crucial technology for 5G

and future-oriented cellular communication networks [287] [288]. Massive MIMO op-

eration is significantly impacted by the accessibility of channel state information (CSI)

[216] [289]. In a FDD system, the BS uses feedback channels to gather downlink CSI.
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However, when the number of antennas increases, the amount of feedback also increases,

resulting in a significant overhead for massive MIMO systems [290].

The use of CS reduces feedback overhead by exploiting the correlation between CSI [291].

However, they fail to perform if there are non-strictly sparse transmission conditions for

CS-based techniques. DL has recently been used in communications to enhance perfor-

mance and solve problems that conventional algorithms fail to solve [292] [293] [294].

Recently, several DL-based techniques [295, 296, 65] have been proposed to reduce the

need for stringent sparsity. The expected downlink CSI is initially compacted into a low-

dimensionality code-word on the UE and then retrieved from the BS’s feedback code-

word using an auto-encoder framework called DRT network, which was created in [295]

for improved channel capacity and reduced feedback overhead. Compared to CS-based

algorithms, DRT can provide superior feedback performance. To lower the overhead asso-

ciated with CSI feedback, [296] recovers down-link CSI by utilizing the available uplink

CSI. Guo et al. [65] shows that a technique based on convolutional neural networks (CNN)

is developed to accomplish multirate CSI feedback [297]. The system has the ability to

improve the accuracy of rebuilding, but it also reduces the storage space in the UE, Thus

improving the system’s operational viability.

The primary limitation in the existing work is that they ignore the impact of disruption and

nonlinear impacts in real-world feedback channels [298]. As far as the authors are aware

[65] and [199] take feedback error into account. To counteract the impact of feedback

noise, we propose a distinct DL-based denoise network in this study, termed DeNoNet,

to reduce feedback overhead and enhance the efficiency of the channel feedback system.

Here is a list of the contributions:

1) Unlike the image denoising mechanism proposed by Zhang et al. in [299], which is

not directly applicable to wireless systems, our proposed DeNoNet tailors its archi-

tecture specifically for codeword denoising in CSI feedback.

2) The proposed DL-based DeNoNet framework offers enhanced accuracy and imple-

mentation simplicity, demonstrating superior performance in terms of cosine simi-
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larity (ρ) and robustness across varying signal-to-noise ratio (SNR) conditions.

3) The current DL-based channel feedback system and the suggested DeNoNet sys-

tems are trained together using an updated collaborative training process that out-

performs instructing them independently.

The remaining part of the chapter is structured as follows. In Section 5.2, system model,

problem formulation, and current DL-based CSI feedback techniques have been presented.

Section 5.3 shows the framework and training optimization of the suggested DeNoNet to

reduce the impact of less than ideal input. Section 5.4 shows the simulation results, and

Section 5.5 concludes the chapter.

5.2 System Model and Problem Formulation

Suppose an FDD massive MIMO setup. The BS has Nt transmit antennas, whereas the

UE only has single transmit antenna. A frequency-selective fading channel is considered

as the transmission medium. It is transformed via orthogonal frequency division multi-

plexing (OFDM) [300] into several flat fading channels with Nc subcarriers. The CSI at

the kth subcarrier is represented as hhhk ∈ CNt×1 and the analogous channel matrix H̃̃H̃H can

be represented as

H̃̃H̃H =



hH
1 0 · · · 0

0 hH
2 · · · 0

...
... . . . ...

0 0 · · · hH
Nc


Nc×NcNt

. (5.1)

Let the beamforming matrix at the kth subcarrier be represented by pppk ∈ CNt×1. The

analogous beamforming vector can be expressed as
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PPP =



p1 0 · · · 0

0 p2 · · · 0
...

... . . . ...

0 0 · · · pNc


NcNt×Nc

. (5.2)

The beamforming matrix must satisfy the power limitations given by ||pppi||22 = Pt

Nc
, here Pt

denotes the total transmission power. The array of signals obtained at UE, in the downlink

frequency domain can be expressed as

y = H̃̃H̃HPPPx+ w, (5.3)

where x ∈ CNc×1 denote the transmitted symbol matrix and w ∈ CNc×1 represent the

noise matrix accordingly. For simplicity, we reconfigure the channel matrix as

HHHSF = [h1,h2.....hNc]HNc×Nt
, (5.4)

where HHHSF is the CSI in the spatial frequency realm. We use the 2D discrete Fourier

transform (DFT) and move HHHSF into the angle delay domain in order to obtain the CSI

characteristics as

HHHAD = FFFDHHHSFFFF
H
A , (5.5)

where the parameters of the DFT vectorsFFFD and of the orderFFFA areNc×Nc andNt×Nt,

accordingly. Since the time of arrival (TOA) between multipaths is limited, HHHAD has

important parameters mainly in the initialNP rows in the delay domain, indicating sparsity

in CSI [64]. As in [65] and [64],HHHAD’s first NP rows create a new channel matrixHHH as

HHH = [HHHAD]1:NP
, where [HHHAD]1:NP

indicates a sub-matrix composed of HHHAD’s first NP

rows.
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5.2.1 DL-based Encoder and Decoder Method

In [65] and [64] DL-based methods are utilized in CSI feedback to reduce the communica-

tion overhead. An encoder initially compresses the CSI at the UE to create the codeword

s as

s = fen(HHH), (5.6)

and then the BS receives the codeword s through a feedback channel. A decoder located

at the BS can recreate the CSI as

H̃HH = fde(s). (5.7)

The autoencoder model includes the encoder fen(∙) in (5.6) and the decoder fde(.) in (5.7).

Assuming that s contains NCW elements, the compression ratio should be

γ = NCW

2×Nt ×NP

. (5.8)

The channel feedback process assumed by the DL-based techniques [296], [64] is perfect.

However, a variety of real-time disruption and nonlinear impacts affect the CSI feedback

[298]. As with [301], we used all imperfection as noise, which is not necessary a Gaussian,

and overlay it on the codeword as

s̃ = s+ n. (5.9)

5.3 DeNoNet Architecture

This part comes first outlines the specifics of the proposed DeNoNet. Next, jointly con-

ducted training process for the DL-based CSI feedback technique and DeNoNet has been

designed. As shown in Fig. 5.1, we create a codeword denoising architecture for the feed-

back channel. The fundamental concept of DeNoNet is to use a noise extraction unit

(NEU) to remove the noise from the codeword and then subtract that noise from the code-

word.

The proposed DeNoNet architecture begins with an encoder that compresses the CSI ma-
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trix of size 32× 32× 2. The encoder employs two fully connected (FC) layers with 512

and 256 neurons, respectively, both activated using the rectified linear unit function. The

encoder output is the codeword NCW , generated by linear activation. The NEU then pro-

cesses this noisy codeword s̃. The NEU first applies batch normalization, followed by a

FC layer of 1024 neurons with sigmoid activation. To avoid overfitting, a sparsity con-

straint is enforced on the hidden representation. A second FC layer with 1024 neurons

and linear activation estimates the noise component n̂. Then a skip connection removes

this noise from the original codeword, resulting in the denoised codeword ŝ = s̃ − n̂.

The decoder, mirroring the encoder, reconstructs the CSI matrix by passing ŝ through two

FC layers (256 and 512 neurons), followed by an output layer with linear activation that

restores the CSI to its original dimensions 32 × 32 × 2. Training is performed using the

Adam optimizer with learning rate η = 0.001, batch size= 200, and for 500 epochs, while

the loss function is defined as the normalized mean square error (NMSE).

Table 5.1: Layer-Wise Configuration of the Proposed DeNoNet Architecture

Module Layer Details

Encoder

Input CSI (32× 32× 2)
FC Layer 1 512 neurons, RLU
FC Layer 2 256 neurons, RLU
Output Codeword (NCW ), Linear

Noise Extraction Unit

BatchNorm Normalizes input
FC Layer 1 1024 neurons, Sigmoid
Sparse Constraint KL-based sparsity
FC Layer 2 1024 neurons, Linear (n̂)

Skip Connection Noise Sub. ŝ = s̃− n̂

Decoder
FC Layer 1 256 neurons, RLU
FC Layer 2 512 neurons, RLU
Output CSI (32× 32× 2), Linear

Training

Optimizer Adam (η = 0.001)
Batch Size 200
Epochs 500
Loss NMSE

An entirely interconnected neural system comprising L layers: 1 input layer, 1 output

layer, and L− 2 hidden layers—is used by the NEU. The codeword entered is expressed

as

s̃ = [s̃1, s̃2, s̃3, ..., s̃NCW
]. (5.10)
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Figure 5.1: Encoder and Decoder Architecture of DeNoNet.

To speed up DNN training and prevent output saturation, we initially execute batch nor-

malization (BN) before inputting the codeword as

s̃′ = s̃− E[s̃]√
V ar[s̃]

. (5.11)

The distortion recovered from the codeword corresponds to NEU result [302], i.e.,

n̂ = GL(...G1(s̃′)). (5.12)

The lth layer’s result is expressed as

Gl(z) =



z, if l = 1

ζ(Wlz + bl), if 2 ≤ l < L− 1

Wlz + bl, if l = L

, (5.13)

where z is the input vector to the lth layer, Wl the present weight matrix associated with

the lth layer bl is a bias vector associated with the lth layer, and the sigmoid activation

function, which adds a nonlinear modification, is represented by ζ(x) = (1+exp(−x))−1.

In order to readily capture the noise, the buried layer’s 1024 neurons are often larger than

the codeword dimension. Next, we apply Kullback Leibler (KL) divergent sparsity [303]
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Algorithm 3 DeNoNet-Based CSI Feedback Algorithm Implementations
1: Input: Noisy codeword s̃ ∈ RNCW .
2: Output: Reconstructed CSI matrix ĤHH .
3: Batch Normalization: Normalize codeword to stabilize training.

s̃′ = s̃− E[s̃]√
Var[s̃]

4: Noise Estimation via NEU Network:

n̂ = GL(· · ·G2(G1(s̃′))), Gl(z) =


z, l = 1
ζ(Wlz + bl), 2 ≤ l < L

Wlz + bl, l = L

Noise extraction unit uses L F layers and ζ(x) is sigmoid.
5: Apply KL Divergence Regularization: Encourages sparsity in hidden units.

KL(Φ ∥ Φ̂) =
|Φ̂|∑
j=1

Φ log
(

Φ
Φ̂j

)
+ (1− Φ) log

(
1− Φ
1− Φ̂j

)

6: Denoising the Codeword: Skip connection subtracts predicted noise.

ŝ = s̃− n̂

7: Decode Denoised Codeword for CSI Reconstruction:

ĤHH ← Decoder(ŝ)

8: Loss Function and Training Objective:

Lloss = 1
N

N∑
i=1

∥∥∥ĤHH i −HHH i

∥∥∥2

2

9: Optimize Lloss using ADAM optimizer.
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restrictions to the hidden layer in order to prevent overfitting of the multi-dimensional

systems,

KL(Φ ∥ Φ̂) =
|Φ̂|∑
j=1

Φ log
(

Φ
Φ̂j

)
+ (1− Φ) log

(
1− Φ
1− Φ̂j

)
(5.14)

where

Φ̂ = 1
N

N∑
i=1

ζ(Wzi + b), (5.15)

where N represents the batch size, Φ̂j is the average activation of the jth hidden unit,

Φ is the target sparsity level, |Φ̂| represents the quantity of neurons, ζ(.) is the sigmoid

activation function, and zi represents the resulting vector of the FC layer’s ith batches.

Additionally, we use a skip link to transfer the codeword to the NEU’s output. n̂ is sub-

tracted by the codeword to accomplish denoising after noise n̂ is extracted using NEU

as

ŝ = s̃− n̂. (5.16)

Subsequently, DeNoNet outputs the denoised codeword, which is then sent to a decoder

for CSI reconstruction.

5.3.1 DeNoNet Optimization

To improve the feedback performance, the suggested DeNoNet complements the DL-

based channel feedback technique proposed in [65]-[64]. For simplicity, we refer to the

DL-based channel feedback as an autoencoder model since all current techniques use this

design. We create an entirely novel learning method for DeNoNet and the autoencoder

approach. The real and imaginary components of HHH , which has a size of 2 × Np × Nt,

are used as input data to train the autoencoder model. The truncated normal distribution

is used as the initialization for the power coefficients of the autoencoder model. The loss

function Lloss is defined as the NMSE

Lloss = 1
N

N∑
i=1

∥∥∥ĤHH i −HHH i

∥∥∥2

2
, (5.17)
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and the loss function is optimized using the adaptivemoment estimation (ADAM)method.

Then, we train DeNoNet by creating a sample set using equations (5.6) and (5.9).

5.4 Simulation Results

We used the COST2100 network method to produce the dataset for performing our sim-

ulations [235]. A 5.3 GHz carrier frequency and Nc = 1024 subcarriers are used in a

picocellular indoor situation. The BS is positioned in the middle of a 20m× 20m square

area and has uniform linear array (ULA) antennas with Nt = 32. The UE units are ran-

domly located within this square space. The default preferences in [235] are followed by

further options.

Next, we take Np = 32 and move it towards the angular delay domain. In addition,

training, validation, and testing sets are created from the samples 105, 3 × 104, and 2 ×

104 accordingly. The number of batches and the learning rate (LR) have been set at 200

and 0.001, respectively. The number of epochs is 500, and the remaining parameters

are identical. After the autoencoder model’s training, we use (5.6) and (5.9), which add

noise n to the codeword, to create the DeNoNet dataset. In order to maintain generality,

we presume that σ2
n is the noise power and that n is a Gaussian noise vector with n ∼

N (0, σ2
nI). The noise layer in the second step automatically creates theDeNoNet database.

Thus, We simply require to construct the dataset for the autoencoder model.

Performance is measured using the NMSE and cosine correlation (ρ) [304], formulated as

NMSE ≜ E


∥∥∥HHHSF − Ĥ̂ĤHSF

∥∥∥2

2

∥HHHSF∥2
2

 (5.18)

ρ ≜ E


1
Nc

Nc∑
n=1

∣∣∣∣ĥhhH

n hhhn

∣∣∣∣∥∥∥ĥhhn

∥∥∥
2
∥hhhn∥2

 . (5.19)

In the spatial frequency domain, HHHSF and Ĥ̂ĤHSF represent true and reconstructed CSI,

whereas hhhn and ĥ̂ĥhn represent real and reconstructive CSI for nth subcarrier.
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We use the DeNoNet as the DL-based feedback technique in our simulation without sac-

rificing generality. A normalization level is added to the CSI network after the encoder

stage to quantitatively assess the influence of noise as s = s
∥s∥2

. The SNR can thus be

described as

SNR = 1
NCWσ2

n

, (5.20)

where NCW represents the length of the codeword. We analyze the performance at SNRs

ranging from -5 dB to 40 dB.

Fig. 5.2 represents the relationship between NMSE (dB) vs. SNR (dB) of our proposed

DeNoNet and existing techniques. The horizontal line at -30 dB is the NMSE of DRT-

based DL under noise-free conditions, which we utilize as a reference. When noise n is

present, DRT’s NMSE significantly degrades compared to the noise-free state. The NMSE

of DRT, DeepAE [199], and the proposed DeNoNet generally decreases as the SNR rises

because the noise influence is lessened. The suggested DeNoNet approach outperforms

the DRT-based technique by 113.18%.

Fig. 5.3 shows the relation between the cosine correlation (ρ) vs. SNR (dB) for the pro-

posed DeNoNet and existing methods. In these results, the algorithm ρ progressively

increases with SNR. Furthermore, among the algorithms, DRT-based DL with noise,

DeepAE [285], and our suggested DeNoNet approach perform the best at all SNR values.

The suggested DeNoNet technique improves by 72.72 % when compared to the existing

DRT-based DL with noise technique, according to ρ analysis.

Fig. 5.4 shows the relation between the NMSE (dB) (ρ) vs. SNR (dB) for the proposed

DeNoNet and existing methods. In these results, the algorithm ρ progressively increases

with SNR. Furthermore, among the algorithms, DRT-based DL with noise and our pro-

posed DeNoNet approach perform the best at all SNR values. The suggested DeNoNet

technique improves by 139.84%when compared to the existing DRT-based DLwith noise

technique, according to ρ analysis.

Fig. 5.5 shows the relation between the cosine correlation (ρ) vs. SNR (dB) for the pro-

posed DeNoNet and existing methods. In these results, the algorithm ρ progressively in-

128



CHAPTER 5. DL-BASED DENOISING IN FDD MASSIVE MIMO

Figure 5.2: NMSE (dB) vs SNR (dB) for DeNoNet and existing methods.

Figure 5.3: Cosine correlation (ρ) vs SNR (dB) for DeNoNet and existing methods.

creases with SNR. Furthermore, among the algorithms, DRT-based DL with noise and our

proposed DeNoNet approach perform the best at all SNR values. The proposed DeNoNet

technique improves by 46.15 %when compared to the existing DRT-based DL with noise

technique, according to ρ analysis.

129



CHAPTER 5. DL-BASED DENOISING IN FDD MASSIVE MIMO

Figure 5.4: NMSE (dB) vs SNR (dB) using 32, 64 antennas for our proposed DeNoNet
technique and 32 antennas for existing techniques.

Figure 5.5: Cosine correlation (ρ) vs SNR (dB) using 32, 64 antennas for our proposed
DeNoNet technique and 32 antennas for existing techniques.

5.4.1 Performance Degradation of DeNoNet with Increasing Anten-

nas

The performance degradation of DeNoNet with an increasing number of antennas is pri-

marily due to the growth in CSI dimensionality and the corresponding increase in recon-

struction complexity. As the number of transmit antennas Nt increases, the size of the
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CSI matrix also increases, resulting in a larger amount of channel information that must

be compressed, transmitted, and reconstructed. When the compression ratio is kept fixed,

the reconstruction task becomes more challenging because the network must recover a

higher-dimensional channel representation from a limited latent codeword. Consequently,

the inverse reconstruction problem becomes more complex, leading to increased recon-

struction error and a reduction in estimation accuracy.

In addition, the DeNoNet architecture used in the experiments maintains a fixed network

capacity across all antenna configurations. Although larger antenna arrays provide richer

spatial information, they also introduce more complex inter-antenna correlation patterns

that must be learned by the network. As the CSI dimension grows, the fixed-capacity

model may not be able to fully capture these increasingly complex relationships, resulting

in a gradual degradation inNMSE and cosine correlation performance. Similar trends have

also been reported in DL-based CSI feedback literature, where reconstruction performance

tends to decline with increasing antenna dimensions unless the codeword size or network

capacity is scaled accordingly. Therefore, the degradation observed in Fig. 5.4 is an

expected consequence of increased CSI dimensionality, higher reconstruction complexity,

and fixed model capacity.

I also agree that a fair assessment of the proposed DeNoNet framework requires compar-

ison with the existing DRT-based approach under the same antenna configuration. While

Fig. 5.4 currently illustrates the performance trend of DeNoNet as the number of anten-

nas increases, the absence of a corresponding DRT result for the 64-antenna case limits

the ability to directly quantify the performance gain achieved by the denoising stage. In-

cluding the DRT baseline under identical experimental conditions would provide a clearer

benchmark and allow readers to distinguish improvements arising from the denoising net-

work from those obtained through the DRT-based CSI representation itself.
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5.4.2 Comparison with Diverse DNN Structures

We further extend our assessment to comparing the proposed DeNoNet-based scheme

with diverse state-of-the-art DNN structures. The widely studied DNN structures in re-

sent researches involve vanilla AE (deep learning-based massive MIMO CSI feedback

reduction) [64], sparse AE (PRVNet) [68] and Bayesian AE [305].

The vanilla AE autoencoder provides a basic compression reconstruction framework,

where the encoder maps the CSI matrix into a low dimensional codeword s = fen(H)

and the decoder reconstructs the channel Ĥ = fde(s). The optimization objective is min-

imizing the mean square error,

Lvanilla = ∥H− Ĥ∥2
2. (5.21)

The sparse AE extends this design by enforcing sparsity in the hidden layer activations,

thereby improving feature extraction. A Kullback–Leibler (KL) divergence penalty is

added to the loss function given as

Lsparse = ∥H− Ĥ∥2
2 + β

m∑
j=1

KL(ρ ∥ ρ̂j), (5.22)

where ρ is the desired sparsity level and ρ̂j is the average activation of the jth hidden unit.

The Bayesian AE incorporates uncertainty modeling in the latent space by treating the hid-

den variables as probability distributions. The encoder outputs both mean µ and variance

σ2, and the reparameterization trick is applied: z = µ+ σ⊙ ϵ, ϵ ∼ N (0, I). The training

objective combines reconstruction loss with a KL regularizer:

LBayesian = ∥H− Ĥ∥2
2 +DKL[q(z|H) ∥ p(z)] . (5.23)

Thus, vanilla AE focuses on direct reconstruction, sparse AE improves feature selection

through sparsity, and Bayesian AE enhances robustness by modeling uncertainty in the

latent representation.
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Figure 5.6: NMSE (dB) vs SNR (dB) for DeNoNet and existing Bayesian-AE, sparse AE
and vanilla AE methods.

Figure 5.7: Cosine correlation (ρ) vs SNR (dB) for proposed DeNoNet and existing
Bayesian-AE, sparse AE and vanilla AE methods.

We simulate all three DNN structures, i.e., Bayesian-AE, sparse-AE, vanilla-AE and our

proposed DeNoNet based methods for indoor scenario. Fig. 5.6 shows the comparison

of NMSE vs SNR performance of proposed DeNoNet based method with these three

schemes. In noisy environments, the NMSE of the DeNoNet based algorithm degrades

significantly. As SNR increases, all mechanisms show a gradual NMSE reduction. Now

we can clearly see that our DeNoNet-based DL method outperforms the other techniques.
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At 10 (dB) SNR, vanilla AE achieves a NMSE of -3.040, sparse AE -5.077, Bayesian

AE -7.78, while our proposed mechanism is able to achive NMSE of -11.40. Thus, the

proposed DeNoNet scheme outperforms Bayesian AE by 46.52%, sparse AE by 124.54%,

and vanilla AE by 275%.

Similarly, Fig. 5.7 illustrates the relation between ρ vs SNR (dB) for proposed DeNoNet as

well as all existing methods like Bayesian-AE, sparse AE and vanilla AE. ρ values for all

algorithms increase with SNR, we can clearly observe that our proposed DeNoNet-based

method consistently outperforms then other existing techniques.

5.5 Conclusion

This chapter proposes DeNoNet, a DL-based system developed to improve the perfor-

mance of channel feedback and durability in massive MIMO systems. We propose train-

ing DeNoNet using the existing DL-based feedback technique. The simulation findings

show that the proposed DeNoNet training process outperforms previous methods that in-

clude faulty feedback channels. Furthermore, we achieve improvements of 113.18 % in

NMSE and 72.72 % in ρ for the estimation of the proposed DeNoNet channel in a range

of SNR conditions.

5.6 Limitations and Future Work

The DeNoNet-based CSI feedback scheme delivers notable improvements under noisy

conditions but has some limitations. Its performance relies heavily on diverse training

data, and its computational complexity may hinder use in resource constrained devices.

Moreover, it mainly targets Gaussian noise, whereas real channels involve more complex

distortions. Future work could focus on lightweight designs, robustness to diverse impair-

ments, and advanced learning methods such as transfer or federated learning to improve

adaptability across varying channel conditions.
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5.7 Discussion on Compression Ratio

The choice of SNR on the x-axis reflects our focus on evaluating the robustness of the

proposed DeNoNet scheme under varying channel noise conditions, which is critical for

practical deployment in wireless environments. By plotting performance against SNR, we

demonstrate how effectively the network reconstructs CSI in noisy scenarios. Compres-

sion ratio typically tells the level of sparsification performed, as was expressed in (5.8) as

γ = NCW

2×Nt×NP
.

However, it must be noted that SNR and compression ratio are indirectly related to each

other. In high SNR regions, a high compression ratio is more likely to give efficient re-

construction. Wheres, in low SNR regions, this behavior is less likely to be observed

and a high compression is not possible. Since our proposed DeNoNet scheme performs

satisfactorily in all the SNR regions, its application will be efficient for all the ranges of

compression ratio.

5.7.1 Adaptive CSI Feedback andDenoising Control Under Dynamic

Channel Conditions

I would formulate this problem as a constrained adaptive control policy rather than using

a fixed compression ratio or denoising configuration. The controller would continuously

monitor the system state, which includes the instantaneous feedback channel SNR, the

Doppler spread (or user mobility), the resulting channel coherence time Tc, and the an-

tenna dimension Nt. Based on these inputs, the controller would dynamically select two

key parameters, the codeword length or compression ratio and the denoising strength. The

primary objective would be to minimize CSI reconstruction error while ensuring that the

entire CSI feedback process is completed before the channel becomes outdated. In other

words, the controller seeks to achieve the lowest possible NMSE and highest ρwhile satis-

fying a strict latency constraint that includes encoding, feedback transmission, decoding,

and denoising delays.

The controller would operate in two stages. During the offline stage, a performance
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database would be constructed using the compression ratio and denoising analyses al-

ready performed in Chapters 3-5. For different combinations of compression ratios, feed-

back channel SNR values, antenna dimensions, and denoising strengths, the corresponding

NMSE, ρ, and inference latency would be recorded. This creates a lookup table or pre-

dictive model that characterizes the performance complexity trade-off of the framework.

During the online stage, the controller would estimate the current feedback channel SNR

and channel coherence time, where the coherence time can be approximated as

Tc ≈
1

4fD

, (5.24)

where fD denotes the Doppler frequency. The controller then selects the operating point

that minimizes the expected reconstruction error while satisfying the latency constraint

Tenc + Tfb + Tdec + Tdenoise ≤ Tc, (5.25)

where Tenc, Tfb, Tdec, and Tdenoise denote the encoding, feedback transmission, decoding,

and denoising delays, respectively. To prevent frequent switching caused by noisy SNR

estimates, a hysteresis mechanism or minimum dwell time can be incorporated before

changing operating points.

The adaptive behavior of the controller naturally follows the channel conditions. For

high-mobility users, where the coherence time is short, the controller would prioritize

CSI freshness by selecting a smaller codeword length and lighter denoising configuration,

thereby reducing transmission and processing delays even if a slight increase in NMSE

is incurred. However, for low-mobility users with longer coherence times, the controller

can afford larger codeword lengths and stronger denoising to maximize reconstruction

accuracy. Similarly, when the feedback channel SNR is low, the controller would in-

crease the denoising strength and allocate a larger latent representation to preserve CSI

quality, whereas under high-SNR conditions it would employ more aggressive compres-

sion and lighter denoising to reduce overhead. Because the proposed framework utilizes a

lightweight CNN architecture with only a small number of residual regeneration units, the
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inference latency remains predictable and relatively small, making transmission delay the

dominant factor. Consequently, the controller can reliably satisfy real-time constraints

while maximizing reconstruction quality, ensuring that accurate CSI is available before

the channel changes and thereby preserving beamforming gain, spectral efficiency, BER

performance, and energy efficiency.
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Chapter 6

CDN and its Comparison with CNN for

CSI Feedback Reduction in Massive

MIMO

A crucial prerequisite for the efficiency and adaptability of massive MIMO network struc-

tures in 5G and future 6G wireless networks is to minimize the overhead of CSI feedback.

CS has been suggested as a solution to this problem. However, CS uses the DFT, which

increases processing overhead in the network. The efficiency of the CNN and the channel

denoising network (CDN) in addressing the errors brought on by CSI overhead and chan-

nel loss in massive MIMO systems is assessed and contrasted in this chapter. Specifically

in massive MIMO systems, the study examines CSI precision, resilience to noise, and

applicability to different SNR ranges through DL network-driven algorithms. Simulation

findings demonstrate that the proposed DL-based approaches make large gains over the

present DeepAE-based DL technique. In contrast to the baseline DeepAE system, which

only achieved 0.567, it is found that the suggested techniques can obtain a cosine simi-

larity (ρ) of up to 0.770 with the CNN-based DFT model and further improved to 0.890

using CDN model. Similarly, the suggested network techniques significantly reduce the

NMSE, going from−5.33 with the DeepAE baseline to−11.42 with the CNN-based DFT

framework and then to −16.30 with the CDN model. The efficiency of the suggested de-
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signs in channel estimation is demonstrated by these gains, which are constant across SNR

levels up to 10 dB. Furthermore, the proposed CDN-based DL network and CNN-based

DFT network approach perform exceptionally well under SNR circumstances, indicating

that real-world communication networks can be utilized effectively.

6.1 Overview

The fifth and impending sixth generations of wireless communications have introduced

improved technology, seeking to increase data throughput, channel capacity, and reduce

feedback overhead [306, 307, 201]. MassiveMIMO is one such key technology, requiring

the integration of multiple antennas at BS and access points to enhance network capacity

and reliability [308, 309]. MassiveMIMO systems utilize a huge number of antennas rang-

ing from hundreds to thousands at both the transmitter and receiver ends of the wireless

channel [216]. These antenna arrays can be deployed either in a centralized configura-

tion [217] or distributed [218] across multiple locations, depending on the system design

requirements.

Massive MIMO significantly mitigates multi-user interference and improves overall sys-

tem performance [219]. However, its deployment requires sophisticated signal process-

ing and high-power hardware, leading to increased operational costs [310]. Therefore, it

is essential to investigate low-complexity, energy-efficient implementation strategies that

promote environmentally friendly and sustainable communication solutions.

Current MIMO systems collect downlink channel data from users while they are being

trained [220]. It is transmitted back to the BS via a feedback link. The difficulty in large-

scale MIMO systems is effectively minimizing the feedback overhead of CSI [222], lead-

ing to many studies [178, 179, 223, 224, 225, 64]. The use of CS to minimize the feedback

load for CSI in massive MIMO systems is suggested by Gao et al. [178] in their research

paper. The authors offer adaptive feedback methods that employ sparsity in spatially cor-

related antenna arrays to adapt dynamically to channel circumstances.

According to Ge et al. [179], correlated CSI may be converted into an uncorrelated sparse
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vector. This allows for accurate estimation of a sparse vector from an under-determined

linear network using CS. Dai et al. [223] suggest LASSO l1-solver, an estimation approach

that executes choice of variables and periodicity to enhance the prediction accuracy and

comprehension of the statistical model. The l1-solver is an optimization technique for

solving the LASSO issue.

In [224]AMPwas proposed, which solves sparse recovery by iteratively refining signal es-

timates. BM3D-AMP [225] extends this by combining BM3D with the AMP framework,

leveraging block matching and collaborative filtering for denoising. While effective for

sparse signal recovery, its reliance on strict sparsity assumptions limits performance in CSI

restoration, where the channel matrix is only approximately sparse, leading to degraded

reconstruction quality.

Stochastic projections are used to compress data when CS is applied in the aforemen-

tioned techniques. It reduces the number of elements of data by multiplying it with a

random matrix. Instead of using stochastic projections, Wen et al. [64] suggest a DL-

based CNN technique that uses the data in feature maps to generate a truncated codeword.

They employ DFT and inverse DFT to sparsify data at the encoder end and retrieve data

at the decoder end, accordingly. Using DFT may slow down the algorithm performance

for sparse signals [229].

Sparse signals have a large number of zero or near-zero values. DFT converts signals into

sums of sinusoidal functions. As a result, it is not fundamentally intended to handle spar-

sity effectively. DFT-based techniques need more iterations to process sparse signals and

reach a solution, leading to higher computing load and inefficient data reduction. Conse-

quently, these technologies may be limited in their ability to meet next generation data rate

demands and further communications. Its main emphasis lies in reducing noise distortion

and improving feedback accuracy under varying SNR conditions.

In this chapter, we propose CNN-based DFT and a denoising network (CDN) for reduc-

ing CSI feedback overhead in massive MIMO systems. CNN effectively captures spatial

channel characteristics, while CDN is optimized for noise suppression. The study eval-
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uates performance with different antenna settings (32 × 32 and 64 × 64) across varying

SNR levels. Comparing both methods to DeepAE [199] reveals significant gains in cosine

similarity (ρ) and NMSE. Importantly, the CDN and CNN-based DFT DL achieve better

robustness at low SNR levels, making them highly effective for real world applications.

We overcome these limitations and achieve reduction in CSI feedback noise with the ap-

plication of a CDN based-DL mechanism, which is overhead-oriented, targeting efficient

feedback transmission in massive MIMO. The proposed CDN emphasizes reducing feed-

back overhead with efficient CSI representation, alongside denoising.

We perform the performance evaluation of CNN-based DFT DL [311, 312] as well as

a CDN, and show the improvement brought by each of them in DL-based methods for

obtaining the CSI in a massive MIMO system. The DFT offers a structured representation

of the input sequence, facilitating low-complexity compression, while the CDN enhances

reconstruction accuracy by mitigating channel distortions.

The contributions to this chapter are as follows:

1. Improved Data Sparsification for Effective Feedback: The proposed DL-based ap-

proach improves sparsification of massive MIMO CSI feedback. DL needs feature

extraction, while DFT, matched to data properties, gives useful features for DL.

2. Incorporation of a CDN : To enhance robustness, a CDN is integrated, effectively

mitigating channel noise and improving CSI reconstruction accuracy under practical

wireless impairments.

3. Hybrid Transform Network Framework: A novel joint framework is proposed that

combines the strengths of transform domain representation with neural network–

based denoising, outperforming conventional DL-based CSI feedback schemes.

4. Comprehensive Performance Evaluation: Thorough tests in a variety of channel

conditions validate the effectiveness of the suggested approach, emphasizing im-

provements in noise resistance, reconstruction accuracy, and environmental adapt-

ability.
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This is how the rest of the chapter is organized. The associated works are represented in

Section 6.2. The system model of CNN and CDN is shown in Section 6.3. The channel

response design is shown in Section 6.4. Algorithms derived from CNN and CDN are pre-

sented in Section 6.5. The findings of the tests and simulations are shown in Section 6.6,

and the chapter conclusion is shown in Section 6.7.

6.2 Related Works

By using CS to take advantage of the spatial sparsity of massive MIMO networks, the

novel MIMO acquisition technique [178] allows for spontaneous control of pilot over-

head. In order to improve channel estimation, a closed loop detection technique based on

temporal correlation is added to a random sparsity dynamic matching pursuit technique

that collectively predicts multiple subcarrier networks. The effectiveness and versatility

of this strategy are further supported by performance analysis.

Accordingly, formassiveMIMO structures, the compression-driven LMMSE (CLMMSE)

approach [179] is suggested to improve channel estimation productivity by utilizing block

sparsity by CS. It improves precision as well as resilience by using a single value decom-

position instead of computationally costly matrix translation and a block sparsity adaptive

matching pursuit (BSAMP) mechanism to dynamically estimate channel sparsity.

Similarly, the LASSO l1-solver technique [313] uses scaled ℓp-regularization (1 ≤ p ≤ 2)

to solve linear inverse problems and encourage sparsity more successfully than conven-

tional quadratic constraints. The regularized outcomes are computed effectively using an

iterative technique of the Landweber type with nonlinear thresholding included.

The AMP algorithm for visual image CS is revealed by the AMP-Net structure [225],

which builds upon continuous optimization concepts. It incorporates de-blocking phases

to minimize distortions and simultaneously learns the sampling vector with network pa-

rameters to improve retrieval accuracy and resolution.

Similarly, DL-based CSI measuring techniques like CsiNet [64] use joint encoder decoder
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instruction to learn compact codeword representations, whichmaintains robust beamform-

ing ability at minimal compression ratios and achieves better reconstruction efficiency

than conventional sensing techniques.

To enhance CSI reduction and quantification efficiency, CsiNet+ [65] presents a dynamic

CS neural structure. In order to improve reconstruction accuracy and lower UE storage de-

mands, it integrates adaptive rate variants (SM-CsiNet+ and PM-CsiNet+), sophisticated

quantization methodologies, and improved design concepts.

In FDD massive MIMO systems, a deep autoencoder-based CSI feedback structure [199]

is developed. The algorithm trains strong feature representations that successfully coun-

teract latency and noise-induced performance deterioration by simulating feedback delay

and transmission faults.

Moreover, by using an improved training procedure, the multi resolution feedback sys-

tem CRNet [66] improves CSI feature extraction and reconstruction, surpassing CsiNet in

reconstruction accuracy without needing extra information or raising computational costs.

After that, the transformer-driven structure (TransNet) [67] facilitates further development

by enhancing CSI reduction and retrieval for FDD massive MIMO networks, offering

better feedback efficiency with communication robustness than conventional techniques.

Finally, the CSI-StripeFormer model [198] extends Transformer-based design principles,

employing a high-complexity autoencoder structure that utilizes the CsiNet+ quantization

strategy and MSE-based optimization to achieve enhanced reconstruction accuracy and

robustness.

6.3 System Model

Consider an FDD-based massive MIMO system where the BS is equipped with Nt trans-

mit antennas, while the UE is equipped with one antenna. The transmission medium is

modeled as a frequency-selective fading channel, which is transformed into multiple flat-

fading subchannels using OFDMA [300, 314] with Nc subcarriers.
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The CSI corresponding to the kth subcarrier is represented as hhhk ∈ CNt×1. The corre-

sponding channel matrix H̃̃H̃H is written as

H̃̃H̃H =



hH
1 0 · · · 0

0 hH
2 · · · 0

...
... . . . ...

0 0 · · · hH
Nc


Nc×NcNt

. (6.1)

Let pppk ∈ CNt×1 denote the beamforming vector associated with the kth subcarrier. The

aggregated beamforming matrix is then written as

PPP =



p1 0 · · · 0

0 p2 · · · 0
...

... . . . ...

0 0 · · · pNc


NcNt×Nc

. (6.2)

The beamforming vectors must satisfy the transmit power constraint, i.e., ||pppi||22 = Pt

Nc
,

where Pt denotes the total available transmit power. The received signal vector at the UE

in the frequency spectrum can be represented as

y = H̃̃H̃HPPPx+ ω, (6.3)

where x ∈ CNc×1 is the transmitted symbol vector and ω ∈ CNc×1 is the additive noise

vector.

For ease of representation, the channel matrix is rearranged as

HHHSF = [h1,h2, . . . ,hNc ]HNc×Nt
, (6.4)

where HHHSF corresponds to the CSI in the spatial-frequency domain. We use a 2D-DFT

to obtain the channel architectural attributes, mapping it onto the angle delay realm in the
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following manner

HHHAD = FFFDHHHSFFFF
H
A , (6.5)

where the DFT vectors in the lag and angular realms are indicated by FFFD ∈ CNc×Nc and

FFFA ∈ CNt×Nt , accordingly. Significant values are clustered inside the initial NP rows

[64], indicating sparsity in HHHAD due to the restricted path delay spread. Following [64,

65], the reduced channel matrix is obtained as

HHH = [HHHAD]1:NP
, (6.6)

where [HHHAD]1:NP
represents the submatrix containing the first NP rows ofHHHAD.

6.3.1 DL-Driven Encoder and Decoder

DL approach is widely adopted for CSI feedback tominimize the overhead associated with

channel reporting [64, 65]. In this framework, the UE employs an encoder to compress

the CSI into a compact codeword s, i.e.,

s = fen(HHH), (6.7)

which is subsequently transmitted to the BS through the feedback channel. At the BS, a

decoder reconstructs the CSI as

H̃HH = fde(s). (6.8)

The autoencoder thus consists of the encoder fen(·) and decoder fde(·). If the codeword s

contains NCW elements, the compression ratio is defined as

γ = NCW

2×Nt ×NP

. (6.9)
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Conventional DL-based feedback approaches [296] assume perfect feedback. However,

in practical wireless systems, various impairments and nonlinear effects introduce errors

in CSI reporting. Following the approach in [301], we treat all imperfections as additive

noise, which may not necessarily follow a Gaussian distribution. The noisy codeword at

the BS is therefore modeled as

s̃ = s+ n, (6.10)

where n denotes the impairment term superimposed on the codeword.

6.4 Proposed Structure of Response H̃HH

6.4.1 Discrete Fourier Transform and Its Inverse

DFT [315] converts a finite sequence of discrete-time samples into its frequency-domain

form, representing the signal as a sum of complex sinusoids with distinct frequencies.

Let x[n] be a sequence of length N . the DFT represented as

X[k] =
N−1∑
n=0

x[n] · e−j 2π
N

kn, k = 0, 1, 2, 3 (6.11)

where x[n] andX[k] are the input sequence in the time domain and the output sequence in

the frequency domain, respectively. N is total number of samples. w = e−j 2π
N

kn represents

complex sinusoidal basis functions and k is the frequency index.

The N ×N matrix representation of the DFT is bellow

X = HHHx (6.12)
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whereHHH shows as symmetric matrix as

HHH =



1 1 1 · · · 1

1 w w2 · · · wN−1

1 w2 w4 · · · w2(N−1)

...
...

... . . . ...

1 wN−1 w2(N−1) · · · w(N−1)(N−1)


. (6.13)

Similarly, the inverse DFT can represents as

x[n] =
N−1∑
n=0

X[k] · ej 2π
N

kn, k = 0, 1, 2, 3 (6.14)

and the IDFT matrix H̃̃H̃H represented as

x = 1
N
H̃̃H̃HX (6.15)

where H̃̃H̃H shows bellow:

H̃̃H̃H =



1 1 1 · · · 1

1 w−1 w−2 · · · w−(N−1)

1 w−2 w−4 · · · w−2(N−1)

...
...

... . . . ...

1 w−(N−1) w−2(N−1) · · · w−(N−1)(N−1)


. (6.16)

Thus, the DFT and its inverse provide a complete framework for efficient CSI compression

and reconstruction in the proposed architecture.

6.4.2 CNN-Based Architecture

We design a CNN based encoder-decoder to recover CSIHHH , exploiting its spatial correla-

tions in Fig. 6.1. The sparsified channel H̃HH , obtained via DFT, is separated into real and

imaginary partsHHHr andHHH i, which are processed by the encoder’s 3×3 convolutional ker-
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nels. A fully connected layer then converts the output into a codeword s ∈ RM , enabling

efficient compression under CS principles.

Input ( H )
Nc

Nc'

32 x 32

N x 11

2

Encoder
M x 1

Rx
Tx

Decoder
M x 1

N x 11

32 x 32

32 x 32

32 x 32

32 x 32

ReGen Unit

32 x 32

2

8

16

2

2

Output ( H )
~

Reshape Dense; Linear

Conv 3   3 ; Batch Norm×

   Batch Norm;Conv 3   3× Copy

Conv 3   3; Batch Norm; Sigmoid

Feedback

×

Figure 6.1: A color visualization of the magnitude ofHHH ∈ C32×32 illustrates the encoder–
decoder architecture of the CNN approach.

The decoder reconstructsHHH from s. An initial fully connected layer estimatesHHHr andHHH i

of sizeNc×Nt, followed byReGen units for refinement. EachReGen block has four layers

with 3 × 3 kernels, generating 8 and 16 feature maps before producing the final output

with zero padding. The rectified linear unit (RecUn) activation, RecUn(ζ) = max(ζ, 0),

with batch normalization ensures stable learning.

Unlike conventional CNNs, ReGen avoids pooling to preserve resolution and employs
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residual style shortcuts [241] to mitigate vanishing gradients. Two ReGen blocks provide

the best performance, and the final convolutional layer with sigmoid activation produces

the refined channel estimate.

The encoder-decoder is trained from end to end, with parameters ∇ = ∇en,∇de. For the

ith input,

HHHi = f(HHHi;∇) = fde(fen(HHHi;∇en);∇de). (6.17)

Training is unsupervised using ADAM and the purpose is to minimize the square of error:

L(∇) = 1
T

T∑
i=1
|f(sssi;∇)−HHH i|22, (6.18)

where | · |2 is the Euclidean standard and T is the total number of training sets.

6.4.3 CDN-Based Architecture

This section introduces the proposed CDN, which is designed to enhance CSI feedback

by denoising the transmitted codeword. As shown in Fig. 6.2, the architecture integrates

a NEU that estimates the distortion in the codeword and subtracts it to recover a cleaner

representation.

The NEU is implemented as a fully connected neural network has L layers, including a

single input, a single output, and L− 2 layers that are invisible. The received code-word

is given by

s̃ = [s̃1, s̃2, . . . , s̃NCW
], (6.19)

and is normalized using batch normalization [316] to accelerate training and avoid output

saturation:

s̃′ = s̃− E[s̃]√
V ar[s̃]

. (6.20)

The NEU output corresponds to the estimated noise component,

n̂ = 𝟋L(. . .𝟋1(s̃′)), (6.21)
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where the operation of the lth layer is defined as

𝟋l(z) =



z, l = 1,

ξ(Wlz + bl), 2 ≤ l < L− 1,

Wlz + bl, l = L,

(6.22)

with z denoting the input to the lth layer, Wl and bl being the weight matrix and bias

vector, respectively, and ξ(x) = (1 + e−x)−1 representing the sigmoid activation. To

ensure sufficient noise modeling, the hidden layers are set with 1024 neurons, typically

larger than the codeword dimension.
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Figure 6.2: CDN schematic architecture of encoder and decoder.

To mitigate overfitting in high-dimensional settings, a Kullback-Leibler (KL) divergence
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sparsity penalty [303] is applied to the hidden activations:

KL(Ψ ∥ Ψ̂) =
|Ψ̂|∑
j=1

Ψ log
(

Ψ
Ψ̂j

)
+ (1−Ψ) log

(
1−Ψ
1− Ψ̂j

)
, (6.23)

where Ψ̂ = 1
N

∑N
i=1 ξ(Wzi + b) with N as the batch size, Ψ̂j the average activation of the

jth hidden unit, Ψ the target sparsity, and zi the ith batch output.

Finally, a skip connection passes the original codeword to the NEU output. The denoised

codeword is obtained by

ŝ = s̃− n̂, (6.24)

and forwarded to the decoder for CSI reconstruction.

6.5 Implementation of Algorithms

We propose a DL-based framework for enhancing CSI feedback in FDD massive MIMO

systems. Themethodology consists of two stages: first, preprocessing of complex channel

data to obtain a structured representation, and second, training and evaluation of neural

network models that learn to efficiently compress and reconstruct the CSI.

The initial preprocessing phase, the complex channel coefficients HHHr and HHH i are trans-

formed from Cartesian form into their equivalent polar representation through the domain

transformations. The phase (ϕ) and magnitude (r) of each coefficient are obtained as

ϕ = arctan 2(HHHr,HHH i), r =
√
HHH2

r +HHH2
i . (6.25)

This transformation enables a more compact separation of amplitude and phase informa-

tion, thus simplifying the learning process. The inverse transformation is then applied to

recover the original complex domain when required, expressed as

HHHr = r cos(ϕ), HHH i = r sin(ϕ). (6.26)
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After preprocessing, several DL architectures are designed tomodel compressed CSI feed-

back. The initial autoencoder model, which trains compact CSI patterns and regenerates

the initial input. The encoder uses dense layers to reduce information into a small la-

tent data and convolutional layers with RecUn activation to extract hierarchical spatial

characteristics. From this compressed illustration, the decoder recreates the CSI feed-

back using convolutional layers and linear activations. For better reconstruction, a deep

residual network (ResNet) is incorporated. By using remaining blocks made up of batch

normalization stages and Conv2D, the ResNet allows for identity mapping and lessens

performance degradation in deeper models. To ensure dependable CSI recovery, a CDN

is created concurrently. It has a framework similar to the autoencoder but is specifically

tuned to minimize Gaussian noise.

The Adam optimization algorithm with learning rates (LR) of 0.001 and 0.003 is used

to train the models. Disparities among the original and regenerated CSI are explicitly

penalized by the training outcome parameter, NMSE. A training callback is used to track

convergence, enabling ongoing assessment of rebuilding accuracy through the course of

the epochs.

To quantitatively measure performance, two evaluation metrics are employed. The

NMSE, which can be defined as the distance between the signal reconstruction and the

actual real value,

NMSE = E

{
∥HHHor −HHHpr∥2

2
∥HHHor∥2

2

}
, (6.27)

where the real and expected CSI data are indicated byHHHor andHHHpr, accordingly. Apart

from NMSE, ρ is employed to gauge the structural resemblance between the real and

regenerated CSI, which is represented as

ρ = E

{ ∑(HHHor ·HHHpr)
∥HHHor∥2 · ∥HHHpr∥2

}
. (6.28)

Finally, the robustness of the proposed models is assessed by simulating noisy channels

with varying SNR conditions. Gaussian noise is introduced into the test data, and perfor-
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Algorithm 4 CDN-Based Algorithm Using CSI Feedback
1: Input: Noisy codeword s̃ ∈ RNCW is started.
2: Output: Regeneration of the CSI channel vector Ĥ.
3: Step 1: Codeword Normalization

s̃′ = s̃− E[s̃]√
Var[s̃] + ϵ

where ϵ ensures numerical stability.
4: Step 2: Implementation of NEU Module for Noise Estimation

n̂ = 𝟋L

(
𝟋L−1(· · ·𝟋1(s̃′))

)
,

𝟋l(z) =


z, l = 1,
ξ(Wlz + bl), 2 ≤ l < L,

Wlz + bl, l = L,

where ξ(·) denotes the sigmoid activation.
5: Step 3: KL Divergence Regularization Promote sparsity of hidden activations:

KL(Ψ ∥ Ψ̂) =
|Ψ̂|∑
j=1

Ψ log Ψ
Ψ̂j

+ (1−Ψ) log 1−Ψ
1− Ψ̂j

.
6: Step 4: Denoising via Residual Connection

ŝ = s̃− n̂.

7: Step 5: Regeneration of CSI

Ĥ = Decoder(ŝ).

8: Step 6: Training Objective To reduce NMSE.

LNMSE = 1
N

N∑
i=1

∥∥∥Ĥi −Hi

∥∥∥2

2

9: Use Adam’s optimization tool for updating network parameters.

mance across SNR levels is evaluated using both NMSE and ρ. This procedure enables

analysis of how well the autoencoder, ResNet and CDN generalize under practical noisy

environments, where reliable CSI feedback is critical to system performance.
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Figure 6.3: Overall structural representation of Deno-Net.

6.6 Experiments and Simulations Results

Simulations were carried out in an indoor pico-cell environment at 5.3 GHz with 1024

subcarriers. The setup employed a 32-antenna BS serving randomly distributed UEwithin

a 20× 20 m area. The ResNet-based framework included two residual blocks and a 512-

dimensional encoding layer, designed to process a 32 × 32 × 2 CSI input matrix. Model

training was performed with 100,000 samples, of which 30,000 were used for validation

and 20,000 for testing. The LRs was set to 0.001 and 0.003, with a batch size of 200,

and training was conducted over 500 epochs for both the autoencoder and the proposed

models.

Performance evaluation was conducted across SNR levels ranging from −5 to 40 dB us-

ing NMSE and ρ as metrics on noisy test data. The outcomes show that both the CDN

and CNN-based DFT DL method consistently produces better ρ and lesser NMSE when
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Algorithm 5 CNN-Driven DL Framework for CSI Feedback in Massive MIMO
1: Step 1: Pre-processing of Data
2: Transform complex channel coefficients H = Hr + jHi into polar representation as

r =
√

H2
r + H2

i , ϕ = arctan 2(Hr,Hi).

3: Recover real and imaginary components via inverse DFT

Hr = r cos(ϕ), Hi = r sin(ϕ).

4: Step 2: Neural Network Design
5: Construct an autoencoder with:

• Convolutional layers (RecUn activation) for hierarchical feature encoding.
• Dense layers to reduce dimension.
• Data regeneration using convolutional layers (linear activation).

6: Use a ResNet module made up of the following to improve reconstruction:
• Residual batch-normalized Conv2D modules.
• Identification mappings for stabilizing deeper structures.

7: Step 3: CNN Channel Denoising Improvements
8: Create a denoising framework that resembles the autoencoder in structure.
9: Adjust settings to enhance CSI recovery and reduce channel distortion.
10: Step 4: Training Strategy
11: Use Adam for optimization with LRs of 0.001 and 0.003.
12: Reduce the loss due to mean squared error (MSE).
13: Use customized callbacks (like Loss-History) to monitor convergence.
14: Step 5: System Assessment
15: Use the NMSE to assess the correctness of the reconstruction.

NMSE = E

{
∥HHHor −HHHpr∥2

2
∥HHHor∥2

2

}
.

16: Measure similarity using cosine correlation:

ρ = E

{ ∑(HHHor ·HHHpr)
∥HHHor∥2 · ∥HHHpr∥2

}
.

17: Step 6: Robustness Testing
18: Test samples should be subjected to Gaussian noise at various SNR ranges.
19: Use ρ and NMSE to evaluate resilience in different channel circumstances.

compared to the base models, emphasizing its enhanced reconstruction efficiency as well

as greater resilience against interference.
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6.6.1 Learning Data Acquisition and Constraints

The training dataset for the DL model was generated using the COST 2100 channel model

[317, 318], which provides realistic CSI under different SNR levels, antenna configura-

tions, and propagation environments. For each subcarrier index n = 1, 2, . . . , Nc, the

CSI vector was defined as HHHn = [hn,1, hn,2, . . . , hn,Nt ] ∈ C1×Nt . The dataset consisted

of 100,000 training samples, 30,000 validation samples, and 20,000 test samples. Each

CSI input was represented as a 32 × 32 × 2 tensor, which separates real and imaginary

components, resulting in 2048 values per sample.

Constructing realistic data for massive MIMO is challenging due to the high dimension-

ality of CSI, sparsity in channel characteristics, and feedback overhead requirements. By

providing a compact model of the CSI, the CDN and CNN-based DFT DL efficiently

mitigates these problems and reduces computation and storage complexity. In order to

increase the system’s resistance to channel impairments, artificial noise was added to the

database, which was created across a broad range of SNR values because noise affects

practical channels.

The sparse representation achieved through CDN and CNN-based DFT DL ensures that

these models can process CSI more efficiently while preserving accuracy, making it suit-

able for real-time deployment. The dataset size and diversity were carefully designed to

capture the complexity of massive MIMO propagation and to promote strong generaliza-

tion performance under varying channel conditions.

6.6.2 Results Evaluation

Fig. 6.4 represents ρ across varying SNR levels, comparing the proposed models with

DeepAE-based DL [199]. The noise-free ideal threshold (ρ or NMSE in the absence of

noise) is also shown. While ρ improves with SNR for existing method, the proposed CDN

and CNN-based DFT consistently outperform the DeepAE baseline (0.567), achieving

gains of 0.890 and 0.770, respectively.

Fig. 6.5 illustrates the NMSE performance of DeepAE compared with the proposed CDN
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and CNN-based DFT frameworks after pre-training. The horizontal line at −30 dB de-

notes the noise-free benchmark NMSE of DeepAE. Under noisy conditions, DeepAE ex-

hibits a marked performance decline, while both methods show decreasing NMSE with

increasing SNR. The proposed approaches consistently outperform DeepAE base value

−5.33, achieving improvements of−16.30 for the CDN-driven model and−11.42 for the

CNN-based variant.

Figure 6.4: ρ vs SNR (dB) with and without noise simulations results for CDN, CNN
based DFT DL and existing DeepAE based DL methods.

Figure 6.5: NMSE (dB) vs SNR (dB) with and without noise simulations results for CDN,
CNN-based DFT DL and existing DeepAE based DL methods.
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Figure 6.6: ρ vs SNR (dB) of existing DeepAE and CDN and CNN-based DFT DL for
different LRs.

Figure 6.7: NMSE (dB) vs SNR (dB) of existing DeepAE and CDN and CNN-based DFT
DL for different LRs.

Figs. 6.6 and 6.7 evaluate the impact of different LRs on the proposedmethods. In Fig. 6.6,

the ρ vs SNR demonstrates that both CDN and CNN-based DFT models consistently out-

perform existing DeepAE-based DL across all LRs. Similarly, Fig. 6.7 illustrates NMSE

vs SNR, where the proposed frameworks achieve noticeably lower error levels compared

to the DeepAE technique under different LRs.
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Figure 6.8: ρ vs SNR (dB) comparison of existing DeepAE and CDN and CNN-based
DFT DL for 32, 64 antennas.

Figure 6.9: NMSE (dB) vs SNR (dB) comparison of existing DeepAE and CDN andCNN-
based DFT DL for 32, 64 antennas.

Fig. 6.8 illustrates the ρ vs SNR (dB) for existing DeepAE and the proposed CDN and

CNN-based DFT models with antenna configurations of 32 and 64. Across both setups,

the proposed methods consistently achieve higher similarity values than existing DeepAE.

Likewise, Fig. 6.9 presents the NMSE vs SNR for the same antenna settings, where the

CDN and CNN-driven DFT frameworks deliver significantly improved performance com-

pared to DeepAE.
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Figure 6.10: ρ vs SNR (dB) for proposed CDN, CNN based DFT DL and existing
Bayesian-AE, Sparse-AE and Vanilla-AE techniques.

Figure 6.11: NMSE (dB) vs SNR (dB) for proposed CDN, CNN based DFT DL and
existing Bayesian-AE, Sparse-AE and Vanilla-AE techniques.

We also assess the performance of three existing DNN architectures Bayesian-AE [305],

Sparse-AE [68], and Vanilla-AE [64] alongside the proposed CDN and CNN based DFT

DL model in an indoor environment. As shown in Fig. 6.10, the ρ vs SNR analysis in-

dicates that ρ values for all methods increase with rising SNR. However, the proposed

frameworks consistently achieves higher correlation coefficients, confirming its superior

reconstruction accuracy and robustness compared to other approaches.
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Similarly, Fig. 6.11 presents the NMSE vs SNR results, where all models exhibit de-

creasing NMSE with increasing SNR. Despite the expected NMSE degradation in low

SNR conditions, the CDN and CNN based DFT DL methods consistently outperforms the

Bayesian-AE, Sparse-AE, and Vanilla-AE networks, demonstrating its effectiveness and

resilience across varying noise levels.

6.7 Conclusion

This chapter concludes by presenting a novel DL–based framework that integrates CNN-

driven DFT and a CDN to significantly enhance CSI feedback and channel estimation

performance in massive MIMO systems. Through a comprehensive comparative evalu-

ation against the conventional DeepAE baseline, the proposed approaches demonstrate

substantial gains in both accuracy and robustness. Specifically, the CNN-DFT model im-

proves cosine similarity from 0.567 (DeepAE) to 0.770, while the CDN further elevates

it to 0.890. Similarly, NMSE is reduced from −5.33 dB to −11.42 dB and −16.30 dB,

respectively. These improvements highlight the effectiveness of spatial feature extraction

and integrated denoising in capturing channel structure and mitigating noise. Consistent

performance gains across SNR levels up to 10 dB confirm the superior noise resilience and

structural efficiency of the proposed methods, particularly in low-SNR regimes. Overall,

the results establish CNN-based DFT and CDN frameworks as reliable, high-performance

solutions for CSI feedback in practical 5G and future 6G massive MIMO systems.
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Chapter 7

Conclusion and Future Scope

This thesis concludes with a comprehensive summary of the research contributions made

toward efficient CSI feedback reduction in massive MIMO systems, a crucial factor for

5G and future 6G wireless networks. With more than five billion active internet users

today and projections indicating tens of billion connected devices by 2035, wireless net-

works are expected to support unprecedented data traffic, ultra-reliable connectivity, and

massive device density. MIMO technology, particularly massive MIMO, has been his-

torically proven to significantly enhance spectral efficiency and link reliability through

spatial multiplexing and diversity gains. However, the practical realization of massive

MIMO especially in FDD systems faces a major congestion in the form of excessive CSI

feedback overhead. This thesis addresses this fundamental challenge through advanced

DL-based and transform-assisted learning frameworks.

Chapter 2, presented a detailed and critical review of existing CSI feedback reduction tech-

niques for massive MIMO systems, with a focus on both CS and DL-based approaches.

Conventional CS-based methods exploit channel sparsity but suffer from high computa-

tional complexity, noise sensitivity, and dependence on accurate sparsity assumptions.

Recent DL-based architectures, such as CsiNet, CsiNet+, CRNet, PRVNet, TransNet,

DeepAE, and CSI-StripeFormer, have demonstrated superior performance by learning

nonlinear compression and reconstruction mappings. Still, these DL methods introduce
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new challenges, including large training data requirements, high computational and energy

costs, and scalability limitations for real-time systems. This chapter clearly identified the

research gap and motivated the development of hybrid transform-assisted DL frameworks

that can combine structured signal representations with learning-based efficiency.

In Chapter 3, a novel DRT-assisted DL framework was proposed to overcome the limita-

tions of traditional DFT-based CS and DL approaches. The proposed architecture lever-

ages the DRT to preserve structural sparsity while enabling efficient feature extraction for

CSI compression. Extensive simulations using the COST 2100 channel model demon-

strated substantial performance gains across a wide SNR range. Specifically, the proposed

method achieved improvements of 126.19% in cosine correlation and 81.81% in NMSE

compared to DFT-based DL schemes. The results confirmed the robustness, scalability,

and reduced feedback overhead of the DRT-based DL framework, particularly under vary-

ing SNR and noisy conditions.

Chapter 4, introduced the HaDLeMO framework, a transform-assisted DL approach de-

signed to further enhance CSI feedback efficiency in massiveMIMO systems. HaDLeMO

exploits permutation invariance, improved sparsification, and strong noise resilience to

address the limitations of DFT-based DL models. The independence from input sequence

ordering and reduced sensitivity to phase noise make HaDLeMO especially suitable for

practical wireless environments. Simulation results validated its superiority in terms of re-

construction accuracy, robustness, and computational efficiency, highlighting its potential

for real-time deployment in next-generation wireless systems.

In Chapter 5, proposed DeNoNet, a DL-based denoising framework aimed at improving

CSI feedback robustness over imperfect and noisy feedback channels. Unlike conven-

tional approaches that assume ideal feedback links, DeNoNet explicitly learns to mitigate

feedback channel impairments. The proposed training strategy significantly outperformed

existing DL-based feedback mechanisms, achieving improvements of 113.18% in NMSE

and 72.72% in cosine correlation across various SNR conditions. These results demon-

strate that incorporating denoising intelligence into CSI feedback frameworks is crucial
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for realistic massive MIMO deployments.

The final chapter 6, presented a novel DL-based framework combining CDN with CNN-

driven DFT processing for enhanced CSI feedback and reconstruction. Compared to con-

ventional DeepAE-based schemes, the proposed approach achieved notable gains in both

accuracy and computational efficiency. This chapter reinforced the effectiveness of in-

tegrating structured transforms with DL-based models to achieve high performance CSI

feedback in large scale antenna systems.

7.1 Future Scope

The findings of this thesis open up several promising directions for future research. First,

extending the proposed frameworks to time-varying and high-mobility scenarios using

recurrent and attention-based models could further improve CSI prediction and tracking.

Second, investigating lightweight and hardware-aware DL architectures will be essential

for energy-efficient real-time implementation. Third, applying the proposed CSI feed-

back techniques to emerging paradigms such as cell-free massive MIMO, THz commu-

nications, reconfigurable intelligent surfaces (RIS), and integrated sensing and commu-

nication (ISAC) systems represents a valuable extension. Finally, combining federated

learning and online adaptation mechanisms could enable robust CSI feedback under dy-

namic and heterogeneous network conditions.

Overall, this thesis demonstrates that transform-assisted DL-based approach provides a

powerful and practical solution to the CSI feedback overhead in massive MIMO systems,

contributing to the realization of efficient, scalable, and reliable wireless networks for 5G

and future 6G generations.
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7.1.1 Extension of the Proposed CSI Compression Framework to

Cell-Free Massive MIMO and RIS-Assisted 6G Networks

The proposed CSI compression framework for cell-free massive MIMO and RIS-assisted

6G networks would require substantial redesign of several components because these sys-

tems involve distributed access points, distributed users, cascaded propagation channels,

and rapidly changing wireless environments. In cell-free massive MIMO, multiple access

points (APs) simultaneously observe correlated CSI from the same user, making inde-

pendent CSI compression inefficient and redundant. Therefore, the encoder should be

redesigned as a jointly sparse distributed encoder that exploits spatial correlations among

APs and compresses CSI collaboratively rather than independently. Similarly, the trans-

form stage would need to be adapted because RIS-assisted communication introduces a

cascaded BS-RIS-UE channel whose structure differs significantly from that of a conven-

tional direct channel. Instead of directly applying DRT or DHT to the effective channel, a

hierarchical or two-stage transform could separately process the BS-RIS and RIS-UE links

before reconstructing the composite channel. In addition, the feedback protocol would

need to evolve from a single point-to-point feedback mechanism to a distributed feedback

architecture capable of efficiently aggregating CSI information from multiple APs and

users at a central processing unit while satisfying strict latency and bandwidth constraints.

The denoising architecture would also need to become more intelligent and adaptive.

Since different APs experience different channel qualities, interference levels, and SNR

conditions, a single-stream denoising network would be insufficient. An attention-based

fusion mechanism could dynamically assign higher weights to more reliable CSI observa-

tions while suppressing noisier inputs, thereby improving overall reconstruction accuracy.

To enable continuous adaptation without excessive communication overhead, federated

and online learning techniques could be incorporated into the framework. Each AP or UE

would locally update its encoder-decoder model using newly observed CSI and periodi-

cally share only compressed model updates with a central server instead of transmitting

raw CSI data. The overhead could be further reduced through infrequent synchronization,
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gradient compression, sparse parameter sharing, and a hybrid approach in which a small

personalization layer remains local while only a shared backbone network is globally up-

dated. This would allow the framework to adapt rapidly to mobility, channel ageing, and

previously unseen propagation environments while preserving user privacy, minimizing

signaling overhead, andmaintaining scalability for practical deployment in future cell-free

massive MIMO and RIS-enabled 6G networks.
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