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Every time you send a message, stream a video, or call a
friend, your words and data travel through an invisible, ever-
changing medium. The state of this medium, known as the
wireless channel can be described by channel state informa-
tion (CSI), which acts like a real-time weather report of the air-
waves, describing how signals twist, fade, and scatter as they
move through space. CSI can be handled much like many

other types of data: it can be analyzed, compressed, pre-
dicted, or enhanced. However, CSl is inherently stochastic and high-dimensional, and obtaining it
reliably is challenging. Al has already transformed countless domains, from images and audio to lan-
guage and medical data, showing its strength in extracting patterns from complex, high-dimensional
information. With sufficient CSI data, Al becomes equally attractive in wireless communication. This
thesis examines how CSI can be viewed as its own data modality and how Al techniques can be
leveraged to acquire it more efficiently and accurately. Specifically, it explores how to:

« Estimate CSI when observations are noisy or incomplete.
« Compress CSl to reduce communication overhead while preserving fidelity.
« Predict CSI so that networks can adapt intelligently to fast-changing environments.

The central vision is that by viewing CSI not just as a physical parameter but as rich data in its own
right, we can design communication systems that are faster, smarter, and more reliable, bringing us
closer to a future of truly intelligent, seamless wireless connectivity.
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Abstract

Acquiring accurate channel state information (CSI) is essential for enabling
reliable and efficient wireless transmission and reception. However, CSI is
inherently stochastic, high-dimensional, and time-varying, which makes its
acquisition particularly challenging. Motivated by the success of deep learning
(DL) across many data modalities, this thesis explores DL-based solutions for
CSI estimation, compression, and prediction.

First, we study CSI estimation in full-duplex (FD) multiple-input multiple-
output (MIMO) systems, where strong self-interference (SI) complicates chan-
nel acquisition. To reduce the pilot and computational burden of estimating
both SI and user channels, we propose a pilot-sharing strategy together with
a convolutional neural network that jointly estimates these channels. We fur-
ther introduce a neural mapping that enables CSI acquisition at the transmit
chain.

Second, we investigate DL-based CSI compression and its limited robust-
ness under distribution shifts. To address this issue, we adopt a full-model
fine-tuning while explicitly accounting for model update signaling overhead.
Specifically, we employ a spike-and-slab prior to promote sparsity in the model
updates and fine-tune the pretrained network using a rate—distortion objective
regularized by the update bit rate.

Third, we tackle CSI prediction using a diffusion-based generative frame-
work. The method consists of a temporal encoder that extracts latent features
from past CSI and a diffusion generator that synthesizes future CSI. We also
study a simplified encoder-free design to reduce latency, compare autoregres-
sive and sequence-to-sequence inference, and explore multiple architectures
for both temporal encoding and diffusion generation.

Keywords: Channel estimation, CSI compression, CSI Prediction, Deep
learning
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CHAPTER

Introduction

1.1 Background

Wireless networks have transformed from simple voice communication systems
into the backbone of today’s digital society. Each new generation of mobile
technology has not only improved data rates and coverage but also enabled
entirely new services and applications. While fifth-generation (5G) networks
are still being rolled out worldwide, research and standardization efforts for
sixth-generation (6G) systems are already underway [1]-[3]. The Ericsson
Mobility Report [4] predicts that mobile data traffic will more than triple by
the end of the decade, driven by emerging applications such as immersive ex-
tended reality [5], autonomous systems, and massive Internet of Things (IoT)
connectivity [6]. To support these growing demands, future wireless networks
must deliver higher throughput, lower latency, and improved reliability, all
while addressing critical challenges such as spectrum scarcity and energy con-
sumption [7].

To meet the continuously growing demands for higher capacity, faster con-
nectivity, and improved performance, a new generation of cellular networks
has historically been introduced roughly every decade [8]. Each generation
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not only boosts technical capabilities but also unlocks unforeseen business
opportunities and enables entirely new applications. As a result, telecom-
munication networks must evolve in close alignment with emerging industrial
trends and societal needs. This co-evolution requires both innovative techni-
cal solutions and a rigorous standardization process to ensure interoperability
on a global scale [9]. With every generational leap, new functionalities and
capacity-enhancing features are incorporated into the standards, ultimately
shaping the foundation of the next-generation mobile platform.

With each new generation of mobile networks, technological progress in-
troduces not only enhanced capabilities but also new challenges that must
be overcome. Higher frequency bands, denser deployments, and advanced
techniques such as massive multiple-input multiple-output (MIMO) promise
substantial gains in throughput and efficiency, but they also push existing de-
sign paradigms to their limits. Meeting the demands for faster speeds, lower
latency, and improved energy efficiency (EE) requires rethinking how networks
are modeled, managed, and optimized [10]. As complexity grows, traditional
approaches often struggle to keep pace, underscoring the need for innovative
solutions that can adapt to rapidly changing environments.

A central aspect of this challenge lies in acquiring accurate and timely chan-
nel state information (CSI). CSI characterizes how wireless signals propagate
through the environment, encapsulating the effects of reflections, scattering,
fading, and interference [11]. It effectively provides a fingerprint of the ra-
dio channel at a given time and frequency, enabling the network to adapt
transmissions intelligently through techniques such as adaptive modulation
and coding, beamforming, and interference management. However, CSI is
high-dimensional and stochastically complex, which makes it difficult to ob-
tain reliably. As networks evolve toward ultra-dense architectures and massive
antenna arrays, efficient methods for CSI estimation, compression, and pre-
diction become indispensable to sustain performance and scalability in 5G,
6G and beyond [12].

Conventional approaches to solving wireless communication problems have
largely relied on mathematical modeling, analytical derivations, and signal
processing techniques grounded in simplifying assumptions. While these meth-
ods have been remarkably successful in earlier generations of mobile networks,
they struggle to cope with the increasing complexity of modern systems. For
example, accurate modeling of multipath propagation, hardware impairments,
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and user mobility often leads to intractable analytical formulations or requires
oversimplifications that limit practical applicability. Moreover, traditional al-
gorithms are typically hand-crafted for specific scenarios, making them rigid
and less adaptable to diverse or rapidly changing environments. As wireless
networks expand to support massive connectivity, higher frequency bands, and
advanced technologies such as massive MIMO, the limitations of purely model-
based methods become more evident—creating the need for new paradigms
that can efficiently learn, adapt, and generalize from data |13].

Deep learning (DL) has emerged as one such paradigm, attracting widespread
attention across both academia and industry. DL models can automatically
learn hierarchical representations directly from data. This capability allows
them to capture complex patterns and dependencies that are otherwise dif-
ficult to model analytically. The success of DL is evident in a wide range
of real-world applications, from computer vision [14] and speech recognition
|15] to natural language processing [16], healthcare [17], and autonomous sys-
tems [18]. Its ability to scale with large datasets and computational power
has enabled breakthroughs that redefine state-of-the-art performance across
disciplines. Consequently, DL has become a powerful tool for addressing
problems that are highly nonlinear, data-rich, and difficult to model analyti-
cally—making it an increasingly essential component of modern technological
solutions.

In this thesis, we focus on the fundamental problem of acquiring CSI, which
is indispensable for enabling the advanced functionalities of modern and fu-
ture wireless networks. Specifically, we investigate methods for estimating,
compressing, and predicting CSI to ensure that it can be obtained accurately,
efficiently, and with overhead. These challenges share deep connections with
problems studied in other fields of DL. For example, CSI estimation resembles
tasks in computer vision where missing or noisy information must be recon-
structed; CSI compression parallels techniques in data compression used to
reduce redundancy while preserving essential features; and CSI prediction is
closely related to sequence modeling problems in natural language processing,
where future tokens are inferred from past context. By bridging ideas across
these domains, this thesis explores how powerful data-driven approaches can
be adapted and extended to address the unique challenges of wireless commu-
nication systems.
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1.2 Notation

Throughout this thesis, the following notations are used. Matrices are denoted
by bold uppercase letters (e.g., A), while vectors are denoted by bold lowercase
letters (e.g., a). Scalars are written in regular font. For a generic matrix A €
C*™, [A];; refers to the element in the (7, j)-th position, and vec(A) denotes
the column vector obtained by stacking the columns of A one below the other.
The identity matrix of size nxn is represented by I,,. The transpose, conjugate
transpose (Hermitian), and inverse of a matrix are denoted by the superscripts
()T, ()", and (-)7!, respectively. The expectation operator is denoted by E[-].
The vector or matrix norm is written as || - || and the Kronecker product is
denoted by ®. The symbols [-], ||, and [-] are used to define the round,
floor, and ceil operations, respectively.

1.3 Thesis Outline

This thesis is structured as a collection of papers and is divided into two main
parts. Part I provides the overall introduction and background, while Part II
contains the included publications. The organization of Part I is as follows.
Chapter 2 introduces the fundamentals of wireless communications, covering
topics such as MIMO systems and duplexing schemes. Chapter 3 discusses
the foundations of deep learning, with a focus on different neural network
architectures. Chapter 4 addresses the core problems investigated in this
thesis, namely CSI estimation, compression, and prediction. Finally, Chapter
5 summarizes the appended publications and outlines potential directions for
future research.



CHAPTER 2

An Introduction to Wireless Communications

Wireless communication concerns the reliable transmission of information over
the air through a medium that is inherently time-varying, unpredictable, and
shared among many users. Over the past decades, the field has advanced from
simple point-to-point links to highly complex networks that operate across
multiple frequency bands and employ sophisticated signal processing tech-
niques. With each new generation of cellular technology, the demands on
capacity, latency, and reliability have become more stringent, driving research
and industry toward new spectrum resources, advanced antenna architectures,
and innovative transmission schemes.

This chapter introduces the fundamental principles of wireless communica-
tions that form the basis for the subsequent discussions on CSI estimation,
compression, and prediction. We begin by presenting MIMO systems and
their integration with orthogonal frequency-division multiplexing (OFDM),
followed by an overview of massive MIMO technology. The chapter then exam-
ines duplexing schemes—time-division duplexing (TDD), frequency-division
duplexing (FDD), and full-duplex (FD)—which determine how uplink and
downlink transmissions are organized in practical wireless systems.
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2.1 Multi-antenna Systems

2.1.1 MIMO

One of the most significant breakthroughs in wireless communications has
been the development of MIMO technology. By employing multiple anten-
nas at both the transmitter and receiver, MIMO systems exploit the spatial
dimension of the wireless channel in addition to the conventional time and fre-
quency resources. This enables three fundamental benefits: spatial diversity,
which improves reliability by mitigating fading; spatial multiplexing, which
enhances throughput by transmitting multiple data streams simultaneously;
and beamforming, which increases link quality and reduces interference by
steering energy in desired directions [13].

The input—output relation of a narrowband MIMO system with N; transmit
antennas and IV, receive antennas can be expressed as

y = Hx +n, (2.1)

(CN“X1 CNtxl

where y € is the received signal vector, x € is the trans-
mitted symbol vector, H € CN-*N¢ is the channel matrix whose entries
capture the fading coefficients between transmit and receive antennas, and
n ~ CN(0,021y,) denotes additive white Gaussian noise (AWGN).

To fully exploit the spatial gains offered by MIMO, transmission is typically
accompanied by a precoding matrix at the transmitter and a combining matrix
at the receiver. Let s € CM=*! denote the data symbol vector with Ny <
min(Ng, N;) streams, F € CNe*Ns the precoding matrix, and W € CN:* /s

the combining matrix. The received signal after combining is then
Yot = WHHFs + Win, (2.2)

which highlights how the design of F and W determines the system’s ability
to exploit spatial diversity, achieve spatial multiplexing gains, and perform
directional beamforming.

The design of the precoding and combining matrices relies on accurate
knowledge of the underlying wireless channel. In particular, beamforming
and spatial multiplexing strategies are only effective if the transmitter and
receiver have access to sufficiently precise CSI. CSI captures the fading char-
acteristics between each transmit-receive antenna pair and thus determines
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how signals should be spatially processed to maximize throughput, improve
reliability, or suppress interference.

2.1.2 MIMO-OFDM

In practical wireless channels, especially at high carrier frequencies or in rich
multipath environments, the assumption of frequency-flat fading no longer
holds. Instead, the channel exhibits frequency selectivity due to multipath
propagation, where signals arriving from different paths experience distinct
delays and attenuations, leading to inter-symbol interference (ISI). To effi-
ciently combat this impairment, OFDM has become a core modulation scheme
in modern broadband standards such as IEEE 802.11, LTE, and 5G NR [§],
[11], [19].

When combined with MIMO techniques, OFDM enables spatial and fre-
quency domain processing, forming the foundation of high-throughput, spec-
trally efficient wireless systems. In a MIMO-OFDM system with IV; transmit
antennas, N, receive antennas, and N, subcarriers, the frequency-selective
channel is divided into N, parallel flat-fading subchannels in the frequency do-
main. Assuming the use of a cyclic prefix (CP) longer than the maximum delay
spread, the input—output relation at the k-th subcarrier (k =0,1,..., No —1)
can be expressed as

y[k] = HIK]x[k] + n[k] (2.3)

where y[k] € CN*! and x[k] € CM*! denote the received and transmitted
symbol vectors at subcarrier k, respectively. The matrix H[k] € CN:-xNe
represents the frequency-domain channel response, and n[k] ~ CA(0,021y,)
is AWGN at subcarrier k.

The combination of OFDM and MIMO thus merges the benefits of both
domains: OFDM simplifies equalization by converting a frequency-selective
channel into parallel subcarriers, while MIMO introduces spatial multiplexing
and beamforming on each subcarrier. Consequently, wideband MIMO-OFDM
systems achieve high spectral efficiency (SE), robustness against multipath
fading, and flexible resource allocation across space, time, and frequency |20,
[21].
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2.1.3 Massive MIMO

As wireless networks have evolved, the idea of scaling up antenna arrays has
given rise to massive MIMO, where the BS is equipped with tens or even
hundreds of antennas. In this regime, the spatial domain can be exploited
more aggressively, enabling simultaneous service of a large number of users
in the same time—frequency resource. Massive MIMO benefits from two key
phenomena that emerge when the number of antennas becomes large. The
first is favorable propagation, whereby user channels tend to become nearly
orthogonal, thus simplifying multiuser interference management. The sec-
ond is channel hardening, in which the effects of small-scale fading average
out across many antennas, resulting in deterministic effective channels with
reduced uncertainty.

From a statistical viewpoint, both favorable propagation and channel hard-
ening stem from the law of large numbers and concentration of measure in high
dimensions. As the number of antennas grows, inner products between distinct
user channels vanish (favorable propagation), while each user’s channel power
becomes nearly deterministic (channel hardening). Together, these effects al-
low relatively simple linear signal processing schemes, such as maximum-ratio
combining (MRC) or zero-forcing (ZF), to deliver near-optimal performance
with reduced computational burden [21].

The transition to massive MIMO also highlights the importance of high-
dimensional channel models. When the number of antennas at the BS grows
to the order of hundreds, the corresponding channel matrices become ex-
tremely large, often spanning dimensions of hundreds by tens in multi-user
scenarios. While this increase in dimensionality creates opportunities for im-
proved spatial multiplexing and interference suppression, it also poses signif-
icant challenges for channel acquisition. Accurate CSI is essential to fully
exploit the potential of massive MIMO systems, yet the required pilot over-
head and feedback grow prohibitively with the number of antennas. Never-
theless, high-dimensional channels are not entirely unstructured; they often
exhibit rich correlation and sparsity across the spatial, frequency, and time
domains. Exploiting these properties is essential for developing efficient esti-
mation, compression, and prediction techniques.

The relevance of massive MIMO becomes even more pronounced in the con-
text of millimeter-wave (mmWave) communications, operating typically in the
30-300 GHz frequency range. At such high frequencies, the free-space path
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loss increases dramatically, and the use of large antenna arrays is necessary
to achieve sufficient link budget through sufficient antenna array aperture
and highly directional beamforming. Moreover, mmWave propagation dif-
fers significantly from that in sub-6 GHz bands. The channels are typically
sparse, since only a limited number of propagation paths exist due to the
poor penetration and reflection characteristics of mmWave signals. At the
same time, mmWave channels are highly sensitive to blockage, leading to sud-
den degradation of the link when obstacles obstruct the line-of-sight (LoS)
or strong non-line-of-sight (NLoS) paths. These characteristics impose new
requirements on channel estimation and tracking, while also enabling the use
of structured models and advanced DL approaches for CSI acquisition [22].

In summary, MIMO and especially massive MIMO technologies represent a
cornerstone of modern and future wireless networks. Their combination with
mmWave frequencies enables unprecedented spectral and energy efficiency,
but also brings to the forefront the challenges of high-dimensional channel
acquisition. Addressing these challenges is essential for unlocking the full
potential of next-generation wireless communication systems.

2.2 Duplexing Schemes

A fundamental design aspect of wireless systems is the method used to sepa-
rate uplink and downlink transmissions, determined by the duplexing scheme.
The most common approaches are TDD and FDD, while FD has emerged as
a promising yet challenging alternative. Each scheme presents unique trade-
offs in terms of latency, SE, hardware complexity, and CSI acquisition. The
time—frequency allocation of these duplexing schemes is illustrated in Fig-
ure We also summarize the main characteristics of FDD, TDD, and FD
systems, highlighting their advantages, disadvantages, and practical challenges
in Table 211

2.2.1 TDD

In TDD systems, uplink and downlink transmissions occupy different time
slots within the same frequency band. A key advantage is that channel reci-
procity can be exploited, allowing the BS to infer the downlink channel di-
rectly from uplink pilots without explicit CSI feedback. This makes TDD
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Figure 2.1: Illustration of FDD, TDD, and FD in the time—frequency plane.

Table 2.1: Comparison of key characteristics of FDD, TDD, and FD duplexing
schemes.

FDD TDD FD
Spectrum usage High Low Low
Complexity High Low Very high
Cost High Low Very high
Latency Low High Very low
Coverage High Low Very low
Main challenge  CSI feedback Synchronization  SI cancellation

highly scalable to massive MIMO and mmWave systems. Moreover, TDD
supports flexible allocation of resources between uplink and downlink, which
is valuable in scenarios with asymmetric traffic patterns.

The main drawbacks of TDD are related to timing and synchronization.
Guard periods are required to separate uplink and downlink transmissions,
which reduce SE and introduce latency, especially in wide-area deployments
with long propagation delays. In addition, neighboring cells must be care-
fully synchronized to avoid cross-link interference, where one cell transmits in
downlink while an adjacent cell is in uplink. Although the hardware complex-
ity and cost of TDD are generally lower than FDD or FD, its coverage is more
limited due to the guard periods and synchronization requirements.

12
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2.2.2 FDD

In FDD systems, uplink and downlink use separate frequency bands and op-
erate simultaneously. This scheme avoids guard periods and thus achieves
very low latency, making it attractive for delay-sensitive applications. It also
provides wide coverage, since uplink and downlink are continuously active and
do not require tight synchronization across cells.

However, FDD has several limitations in modern high-dimensional systems.
Because channel reciprocity does not hold across frequencies, CSI must be
estimated at the UE and fed back to the BS, leading to significant overhead in
massive MIMO deployments. Hardware complexity and cost are higher due to
the need for duplex filters and diplexers that separate the uplink and downlink
frequency bands. Furthermore, FDD lacks flexibility in allocating asymmetric
uplink and downlink bandwidths, which may be inefficient in traffic scenarios
dominated by downlink or uplink data.

223 FD

FD pushes the duplexing concept further by enabling simultaneous uplink and
downlink transmission on the same frequency band. In theory, this can double
SE compared to TDD and FDD, and it also minimizes latency since transmis-
sion and reception occur continuously. The main challenge of FD operation
lies in self-interference (SI), where a device’s own transmission can be several
orders of magnitude stronger than the desired received signal. Although ad-
vanced analog and digital cancellation techniques can suppress a large portion
of SI, residual interference remains a critical bottleneck. This makes FD sys-
tems highly complex and expensive, requiring sophisticated radio frequency
(RF) circuitry and signal processing.

CSI estimation in FD systems is particularly challenging, as the SI channel
must be estimated jointly with the users’ channels, further aggravating the
pilot overhead problem. Moreover, coverage tends to be more limited than in
FDD or TDD systems, since the strong SI can easily overpower the weak sig-
nals arriving from distant users. Consequently, FD operation remains largely
experimental, with ongoing research investigating its feasibility in massive
MIMO deployments.

FD transceivers can be realized using two different antenna configurations as
depicted in Figure 2.2} shared-antenna and separate-antenna. In the shared-
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(a) Shared antenna configuration (b) Separate antennas configuration

Figure 2.2: Comparison of FD antenna configurations: (a) shared antenna and (b)
separate antennas.

antenna configuration, the transmitter and receiver use the same antenna,
typically separated by a circulator or a hybrid coupler. The main advantage
of this design is compactness and hardware simplicity, since only one antenna
array is required. However, the transmit leakage directly couples into the
receive chain, resulting in extremely strong SI that is difficult to cancel com-
pletely. This places stringent requirements on analog cancellation and RF
isolation.

In contrast, the separate-antenna configuration employs dedicated transmit
and receive antennas, or sub-arrays. Physical separation between antennas
provides inherent passive suppression of SI, which reduces the burden on sub-
sequent analog and digital cancellation stages. The tradeoff, however, is in-
creased hardware cost and size, as well as potential coupling effects when the
arrays are closely spaced, especially in compact devices. Separate-antenna de-
signs are often preferred in massive MIMO and BS deployments, where space
and hardware cost are less restrictive, and higher SI suppression is needed.

Both configurations still require multi-stage SI suppression, combining pas-
sive isolation, analog cancellation, and digital cancellation, but the choice
between shared and separate antennas strongly influences the achievable sup-
pression level and the overall system complexity.
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CHAPTER 3

A Preliminary to Deep Learning

In recent years, DL has become one of the most transformative branches of
artificial intelligence (AI) and machine learning (ML). It has revolutionized
numerous domains—such as computer vision, natural language processing,
and speech recognition—by enabling machines to automatically learn complex
patterns and hierarchical representations directly from data. In the context of
communication systems, DL offers an alternative to conventional signal pro-
cessing methods, which are typically built upon explicit mathematical models.
Although such models have been highly effective in many scenarios, they nec-
essarily rely on simplifying assumptions that only approximate the underlying
reality. DL, by contrast, can learn directly from data and capture complex
structures without imposing strong prior assumptions. This opens the door to
tackling tasks that were previously constrained by oversimplified models and
limited analytical tractability. This chapter introduces the key concepts, ar-
chitectures, and generative Al models that form the foundation of this rapidly
evolving field.
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Data —»
Classical Programming| ——» Answers
Rules ——»

Data —»
Machine Learning — Rules
Answers ——»

Figure 3.1: Comparison of classical programming and machine learning. In classical
programming, rules and data are combined to compute answers, whereas in machine
learning, data and answers are used to infer the rules.

3.1 Al, ML, DL

AT is the broadest field concerned with designing computational systems ca-
pable of performing tasks that normally require human intelligence, such as
reasoning, planning, perception, and decision-making . Within this hierar-
chy, ML represents a major subfield that focuses on algorithms which improve
their performance by learning from data rather than relying solely on explicit
rules . DL, in turn, is a specialized branch of ML that uses multi-layer
neural networks (NNs) to automatically extract hierarchical representations
from raw or lightly processed inputs , .

While AT encompasses a wide range of symbolic and rule-based approaches,
ML centers on statistical methods that enable systems to generalize from
observed data. This fundamental distinction can be further understood by
contrasting classical programming with ML, as illustrated in Figure [3.I] In
classical programming, human experts define explicit rules which, together
with data, are executed by the computer to produce answers. In ML, this
process is inverted: both the data and the desired answers (labels) are provided
to the algorithm, which then infers the underlying rules automatically. This
paradigm shift underpins the power of ML, as systems no longer depend solely
on hand-crafted rules but instead discover patterns directly from examples.

DL extends these capabilities by introducing highly expressive function
classes: stacked layers of linear transformations and nonlinear activations that
allow the learning of increasingly abstract features. This depth has proven es-
sential for solving problems with high-dimensional and unstructured data.
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The impact of DL has been most visible in areas such as computer vision,
natural language processing, and speech recognition, where it has dramati-
cally outperformed traditional hand-crafted feature methods. For example,
convolutional networks underpin modern image recognition, recurrent and
attention-based architectures have transformed machine translation, and end-
to-end models now dominate speech-to-text applications. These successes
illustrate DL’s ability to model complex input—output relationships directly
from raw data.

3.2 Fundamentals of NNs

At the core of DL lies the artificial NN, a parametric function inspired by the
interconnected structure of biological neurons [25], [27]. The basic compu-
tational unit is the perceptron, which performs a weighted summation of its
inputs followed by a nonlinear transformation. For an input vector x € R¢,
the output of a perceptron is expressed as

y=o(w'x+b), (3.1)

where w € R? is a learnable weight vector, b € R is a bias term, and o(-)
denotes a nonlinear activation function. Popular choices include the logistic
sigmoid, the hyperbolic tangent, and the rectified linear unit (ReLU), each
introducing nonlinearity that enables the network to approximate nonlinear
functions [26], [28].

By stacking multiple perceptrons, one obtains a layer. A network consisting
of an input layer, one or more hidden layers, and an output layer is commonly
referred to as a multi-layer perceptron (MLP), illustrated in Figure The
forward computation of an MLP with L layers can be expressed compactly as

h® — J<W(l)h(171> n b(l)) , 1=1,...,L, (3.2)

where h(®) = x is the input, W®) and b® are the weight matrix and bias
vector of layer [, and h(®) produces the network output. The nonlinearity
applied at each layer is essential: without it, a stack of linear layers would
collapse into a single linear transformation, offering no advantage over a simple
linear model.

One of the most notable results in this area is the universal approximation
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Input layer Output layer

Hidden layer
Figure 3.2: Schematic of a feedforward NN with one hidden layer.

theorem, which states that even a single hidden layer network with sufficient
width can approximate any continuous function on a compact domain to ar-
bitrary accuracy [29], [30]. While this theoretical guarantee is important,
practical networks often employ many layers with moderate width to achieve
scalability, representation learning, and computational efficiency. Depth al-
lows networks to capture hierarchical structures in data: earlier layers extract
low-level features, while deeper layers capture increasingly abstract patterns.

3.3 Training Deep Networks

NNs become effective only through the process of training, where their pa-
rameters are adjusted to minimize a task-specific objective. Training typically
relies on a dataset D = {(x;, ;) }}*., composed of input-output pairs. Depend-
ing on the nature of the target, supervised problems are generally categorized
as either regression or classification. Regression tasks involve predicting a
continuous-valued quantity, such as a channel coefficient or a physical param-
eter, whereas classification tasks involve assigning an input to one of several
discrete classes.

In supervised learning, the goal is to find parameters € that minimize the
discrepancy between the network predictions fg(x;) and the corresponding
labels y;. This discrepancy is quantified by a loss function. For regression
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tasks, a common choice is the mean squared error (MSE)

N
1
Lyse = N E | fo(x:) — yz‘||§a (3.3)
i1

while classification problems typically employ the cross-entropy loss. For a
model producing class probabilities pg(y; | X;), the cross-entropy loss is defined
as

N
1
Lee =~ ;logpe(yi | xi). (3.4)
1=
To minimize the loss, networks are trained using variants of stochastic gra-
dient descent (SGD). Parameters are updated iteratively according to

0 0 —nVeLll(0), (3.5)

where 7 is the learning rate controlling the step size, and VgL is the gradient
of the loss with respect to the parameters. Gradients are computed efficiently
using the backpropagation algorithm [31], which applies the chain rule across
the network layers.

A variety of optimization algorithms build upon SGD, including momentum-
based updates, RMSProp, and Adam [32]. These methods adapt learning rates
or incorporate gradient history, often accelerating convergence in practice. Se-
lecting appropriate hyperparameters (e.g., learning rate schedule, batch size,
weight initialization) is crucial to achieving stable training.

Training also requires strategies to avoid overfitting, where the network
memorizes the training data but fails to generalize to unseen examples. Com-
mon regularization techniques include weight decay, dropout [33|, and batch
normalization [34], all of which encourage more robust representations. An-
other essential aspect is the partitioning of data into training, validation, and
test sets, ensuring that performance reflects generalization rather than mem-
orization.

3.4 NN Architectures

While MLPs represent the most basic form of NN, they are limited in their
ability to scale to complex, high-dimensional, and structured data. The evo-
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lution of DL has therefore been marked by the development of specialized
architectures designed to exploit particular structures present in the input.
For example, many data modalities exhibit strong spatial, temporal, or se-
quential patterns that cannot be efficiently captured by fully connected layers
alone.

Over the past decade, several families of architectures have become founda-
tional across a wide range of DL applications. Convolutional neural networks
(CNNs) leverage local connectivity and weight sharing to process spatially
structured data, making them central to breakthroughs in computer vision.
Recurrent neural networks (RNNs) and their gated variants, such as long
short-term memory (LSTM) networks and gated recurrent units (GRUs), are
tailored for sequential modeling and have proven highly effective in natural
language processing and speech recognition. More recently, attention-based
models such as the Transformer have reshaped the field by enabling efficient
modeling of long-range dependencies, leading to state-of-the-art performance
in tasks from machine translation to large-scale language modeling.

These architectures, while distinct in design, share the common goal of
building representations that align with the structure of the data they pro-
cess. By tailoring the inductive biases of the model to the modality of inter-
est—whether spatial, temporal, sequential, graph, or generative—deep learn-
ing achieves scalability, efficiency, and state-of-the-art accuracy across do-
mains such as vision, language, and audio processing. The remainder of this
section provides a concise overview of these important architectures and the
principles that underpin their success.

3.4.1 CNNs

CNNs are among the most influential architectures in DL. They were first pop-
ularized through their success in handwritten digit recognition [35] and later
revolutionized computer vision with large-scale image classification [14]. The
key idea is to leverage the local spatial structure of data by applying learnable
filters (kernels) that slide across the input, as illustrated in Figure
Mathematically, a convolutional layer applies a filter K € R¥** to an input
feature map X € R¥>*W to produce an output feature map Y € R¥ W’

k k
Y;’,j = Z ZKm,n Xi+m—1,j+n—17 (36)

m=1n=1
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Y

X

Figure 3.3: Illustration of a 2D convolution operation. The highlighted orange
region in the input X corresponds to the receptive field covered by the convolution
kernel K. The resulting activation is placed in the blue-highlighted cell of the output
feature map Y. Dashed lines indicate how the kernel is applied to the input region
and how the corresponding value propagates to the output.

where (7, ) indexes the spatial location of the output. In practice, multiple
filters are learned, producing a set of feature maps that capture different lo-
cal patterns. Each feature map is then passed through a nonlinear activation
function, applied element-wise, to introduce nonlinearity. The convolution op-
eration offers two key advantages: first, each neuron connects only to a small
receptive field of the input, which significantly reduces the number of param-
eters compared to fully connected layers; second, the same filter is applied
across all positions, yielding translation invariance and efficient parameter
sharing.

By stacking multiple convolutional layers, the network learns a hierarchy
of representations: early layers extract primitive features, while deeper layers
combine them into more abstract features. Pooling layers, often interleaved
with convolutions, reduce spatial resolution while retaining salient features,
contributing to invariance against small input shifts.

In wireless communications, CSI matrices often resemble images, with an-
tennas or subcarriers corresponding to spatial dimensions and fading coef-
ficients acting as pixel intensities. CNNs are therefore naturally suited to
process CSI by capturing local correlations in space or frequency. For exam-
ple, neighboring subcarriers in an OFDM system experience correlated fading
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due to multipath propagation, a structure that convolutional filters can effi-
ciently exploit [36], [37]. This makes CNNs attractive for tasks such as channel
estimation, denoising, and compression.

3.4.2 RNNs

Many types of data are inherently sequential: speech, text, time-series, and
motion trajectories all consist of ordered observations where the present de-
pends on the past. Standard feedforward networks process inputs indepen-
dently and therefore cannot naturally capture such temporal dependencies.
RNNs were introduced to address this limitation by incorporating a hidden
state that evolves over time, allowing information from earlier steps in a se-
quence to influence later computations [3§].

Given an input sequence {x;}7_;, the hidden state h; and output y, of a
simple RNN are updated as

hy = ¢(Wanxi + Wyphe 1 +by), (3.7)
Y = f(Whyht + by) y

where Wy, Wy, Wy, are weight matrices, by, b, are bias terms, ¢(-) is a
nonlinear activation such as tanh or ReLU, and f(-) is an output mapping.
The recursive dependence on h;_; enables the network to carry information
across time steps.

Training RNNs typically involves backpropagation through time, which un-
folds the recurrence into a deep computational graph as depicted in Figure
B4l A major difficulty with this approach is the vanishing and exploding
gradient problem [39], where gradients either shrink or grow exponentially
with sequence length, preventing the model from capturing long-range depen-
dencies. To address these limitations, more advanced architectures such as
LSTMs and GRUs were proposed. These models incorporate gating mecha-
nisms—such as forget, input, and output gates in LSTMs, and update and
reset gates in GRUs—to better control the flow of information and mitigate
gradient-related instabilities. While LSTMs and GRUs improve performance
for moderately long sequences, they still rely on sequential processing, which
limits their scalability to long sequences and makes them prone to error propa-
gation. In particular, their training and inference times grow linearly with the
sequence length, which can become a bottleneck for large-scale or real-time
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Figure 3.4: Unrolled recurrent neural network. Each hidden state h; depends on
the current input x¢ and the previous hidden state h;_;.
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applications.

3.4.3 Autoencoders

Autoencoders (AEs) [26], [40], [41] constitute a class of NN architectures de-
signed to learn compact representations of data through unsupervised training.
The model is composed of two parts: an encoder, which maps the input to
a lower-dimensional latent representation, and a decoder, which reconstructs
the input from this representation. The central idea is to force the network
to compress information while preserving essential structure, thereby learning
features that capture the most salient characteristics of the data distribution.
Given an input x € R?, the encoder defines a mapping

z = fo(x), (3.9)

where f4 : R? — R* with k& < d, parameterized by ¢, and z is the latent
representation. The decoder reconstructs the input from the latent variable
via

X = go(2), (3.10)
where gy : R¥ — R? with parameters 6. A schematic example of a sim-
ple autoencoder implemented with a few fully connected layers is shown in
Figure While this representation highlights the basic encoder—decoder
structure with a latent bottleneck, in practice AEs can be designed with dif-
ferent layer types depending on the data modality. Despite these variations,

23



Chapter 8 A Preliminary to Deep Learning

Figure 3.5: Architecture of a simple AE with three hidden layers. The input layer
is mapped through two hidden transformations into a low-dimensional latent repre-
sentation, which is then expanded back through a mirrored decoder to reconstruct
the output.

the underlying principle remains the same: an encoder network compresses
the input into a compact latent representation, and a decoder reconstructs
the original input from this representation.

The bottleneck structure, where k& < d, forces the model to discard redun-
dancy and learn compressed features. This makes autoencoders useful not
only for dimensionality reduction but also for denoising, anomaly detection,
and as building blocks for more advanced generative models. Extensions of
the basic autoencoder framework include denoising autoencoders [42], which
are trained to reconstruct inputs from corrupted versions.

3.4.4 Attention

Attention mechanisms offer a flexible way for NNs to focus on the most infor-
mative parts of their input. Instead of relying on a fixed-size hidden state, as
in recurrent models, or on a fixed receptive field, as in convolutional networks,
attention retrieves information in a data-dependent manner. Given a query,
the model computes how relevant each element of the input is and assigns
weights accordingly. This ability to dynamically highlight important context
has made attention a central tool in modern DL.
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Self-attention, the core of the Transformer architecture |16], applies this
principle within a sequence. Each element interacts with all others to build
a contextualized representation that captures both local and long-range re-
lationships. This is particularly advantageous because every position can di-
rectly access information from all others in a single step, enabling efficient
modeling of global structure that would otherwise require many layers in
RNNs or CNNs. Given an input sequence

X = [x1,...,x5] € RVX9,
the model first projects it into three learned subspaces—query, key, and value:
Q=XWg,, K=XWg, V=XWy,

where Wqo, Wi, Wy € R%>dn are learned parameters. The self-attention
operation is then computed as

QK' )
softmax V,
&

where the dot products measure the similarity between each query—key pair,
the softmax converts these similarities into attention weights, and the scaling
factor v/dj, prevents overly large values that could destabilize training. Intu-
itively, each query compares itself with all keys to determine which positions
are most relevant; the resulting weighted combination of value vectors gives
each token direct access to information from the entire sequence.

To increase expressiveness, Transformers employ multi-head attention, which
computes several attention operations in parallel using different learned pro-

jections. Each head can specialize in capturing certain patterns—such as
short-range interactions, long-range dependencies, or structural relationships.
The outputs of all heads are concatenated and linearly projected back to the
model dimension, allowing the network to integrate diverse contextual cues.
A key challenge in Transformers is the quadratic complexity of self-attention
in the sequence length, which limits scalability for long inputs. To address this,
several efficient variants have been proposed. LinFormer [43] employs low-rank
projections of keys and values to reduce computational burden, while Per-
former [44] introduces kernel-based approximations that make attention com-
putation linear in N. Hierarchical designs such as the Swin Transformer [45]
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restrict attention to shifted local windows, enabling scalable modeling of high-
dimensional structured inputs. These developments highlight the adaptability
of the Transformer framework across diverse domains and data modalities.

3.5 Generative Al

Generative Al refers to a class of ML methods that model the underlying
probability distribution of data in order to synthesize new samples that re-
semble those drawn from the true distribution. Unlike discriminative models,
which learn a conditional mapping p(y | x) from inputs to outputs, generative
models learn the joint distribution p(x,y) or the marginal distribution p(x),
thereby enabling the creation of novel and realistic data. These models form
the foundation for tasks such as image synthesis, text generation, speech syn-
thesis, and representation learning, and have become a central paradigm in
modern AT era [46], [47].

The fundamental goal of generative modeling is to approximate the data
distribution pgata(x) using a parameterized model distribution py(x). Given a
dataset {x(i) N |, the model parameters @ are typically learned by maximum
likelihood estimation (MLE)

N
* (2)
0" = arg mguleogpg(x ). (3.11)

i=1

Since direct computation of the likelihood is often intractable, different
families of generative models have been proposed depending on how the dis-
tribution is represented and optimized.

Generative modeling has given rise to several distinct families of methods,
each grounded in different theoretical principles and offering complementary
strengths. These models vary in how they represent probability distributions,
how they are trained, and what trade-offs they make between likelihood es-
timation, sample quality, training stability, and computational efficiency. In
the following subsections, we present four representative classes of generative
models that have shaped modern deep learning.
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3.5.1 AR Models

Autoregressive (AR) models are one of the earliest and most principled ap-
proaches to generative modeling. They rely on the chain rule of probability to
factorize the joint distribution of a data vector x = (1, ..., 24) into a product
of conditional distributions

d
po(x) = [ [ po(ai | 2<:), (3.12)
i=1
where z; = (x1,...,2;-1). This decomposition allows exact likelihood com-

putation and straightforward training via maximum likelihood estimation.
In practice, neural networks are used to parameterize the conditionals pg(x; |
Z<i). For discrete data, such as text or images, these distributions are typi-
cally modeled with categorical softmax outputs. Prominent examples include
PixelRNN and PixelCNN [48], which model images pixel by pixel, and mod-
ern large language models such as GPT [49], [50], which predict text token by
token. The training objective is the negative log-likelihood of the data

d
Lar(0) = =) logps(wi | z<;). (3.13)

=1

This objective ensures consistent maximum likelihood estimation of the data
distribution.

The main advantage of autoregressive models is their tractable likelihoods
and stable training. However, sample generation is inherently sequential, re-
quiring d steps to generate a data point of dimension d. This makes them com-
putationally expensive for high-dimensional modalities such as high-resolution
images or long sequences, despite their excellent modeling accuracy.

3.5.2 VAEs

variational autoencoders (VAEs) [51], [52] introduce a latent-variable frame-
work for generative modeling. They assume that data x is generated from
latent variables z through a likelihood model py(x | z), with a prior distribu-
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tion p(z), typically Gaussian. The marginal likelihood is

po(x) = / po(x | 2) p(z) dz, (3.14)

which is generally intractable to compute directly.
To address this, VAEs introduce a variational approximation g,(z | x) to

the true posterior pg(z | x). Training maximizes the evidence lower bound
(ELBO):

log pe(x) > By, (z1x)[log po(x | 2)] — KL(g4(z | x) [ p(2)) . (3.15)

The first term encourages faithful reconstruction of the data given latent vari-
ables, while the second term regularizes the approximate posterior toward the
prior.

A crucial innovation in VAEs is the reparameterization trick [51], which
allows gradients to propagate through stochastic latent variables. Specifically,
one samples

z = pg(X) +04(x) Ok, e~ N(0,1), (3.16)

where g and oy are encoder outputs.

VAEs are attractive for their elegant probabilistic formulation, stable train-
ing, and efficient inference. However, they often produce blurrier samples
compared to GANs or diffusion models, due to the Gaussian assumptions in
the likelihood and posterior distributions.

3.5.3 GANs

generative adversarial networks (GANSs) [46] approach generative modeling
through an adversarial game between two neural networks: a generator Gy
and a discriminator Dy. The generator maps latent noise z ~ p(z) to the data
space as Gy(z), while the discriminator outputs the probability that a sample
comes from the true data distribution rather than the generator.

The training objective is a minimax game:

r%in max Exnpaaia 108 D (x)] + Eqopay [log (1 — Dy(Go(2)))] - (3.17)

At equilibrium, the generator recovers the data distribution and the discrim-
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inator cannot distinguish between real and generated samples.

GANS have been remarkably successful in producing sharp and realistic im-
ages, with numerous architectural innovations such as DCGANs, StyleGANs,
and BigGANs pushing the boundaries of sample fidelity [53]-[55]. However,
GANSs are notoriously difficult to train due to instability and mode collapse,
where the generator produces limited diversity in samples. Various improve-
ments have been proposed, including Wasserstein GANs with gradient penalty
(WGAN-GP) [56], spectral normalization [57], and progressively growing ar-
chitectures [58]. Despite these challenges, GANs remain a cornerstone of
generative Al, particularly when high visual fidelity is required.

3.5.4 Diffusion Models

Diffusion models [47], [59], [60] represent a recent class of generative models
that have achieved state-of-the-art performance in image, audio, and video
synthesis. Their success stems from a simple yet powerful idea: learn to
reverse a gradual noising process that destroys structure in the data. By
sequentially denoising samples, the model can generate realistic data from
random noise while capturing complex distributions.

A diffusion model is defined through two stochastic processes: a forward
(diffusion) process and a reverse (denoising) process. In the forward process,
Gaussian noise is added to the data in small increments over T steps. Given
a clean sample x¢ ~ ¢(X¢), the forward process produces a noisy sample x; at
step t according to

a(x¢ | x¢1) = N(Xt§ V1= B, ﬁtI) : (3.18)

where 3; € (0,1) is a small variance parameter controlling the noise level.
After T steps, xp approaches an isotropic Gaussian distribution, effectively
discarding all information from the original sample.

The reverse process aims to learn the generative model that maps noise back
into data. Specifically, a parameterized model py is trained to approximate
the reverse Markov chain:

po(xe—1 | x¢) = N (%15 o (x¢, 1), Bo (x4, 1)) - (3.19)

Training is performed by minimizing a variational bound on the negative log-
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likelihood, which reduces to a denoising score-matching objective [47]. In
practice, the model learns to predict the noise € that was added at each step,
leading to the simple training loss

£(0) = Exy e [l = ol D[] (3.20)

where x; = v/a:xo + /1 — &z €, with a; = szl(l — Bs).

Sampling proceeds by iteratively applying the learned reverse transitions,
starting from pure Gaussian noise xr ~ A (0,I) and gradually denoising it to
produce a data sample xo. While the original denoising diffusion probabilistic
model (DDPM) [47] performs this process over hundreds or thousands of steps,
subsequent work has proposed improvements such as deterministic sampling
(DDIM) [61] and score-based generative modeling with stochastic differential
equations (SDEs) [60].

A key strength of diffusion models lies in their flexibility. The forward
noising process is fixed and independent of the data, while all learning is
concentrated on the reverse process. This decoupling provides stable train-
ing dynamics compared to adversarial generative models such as GANs [46].
Furthermore, diffusion models can be conditioned on additional information,
such as class labels, text prompts, or other modalities, enabling controlled
generation in a wide range of applications.
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CHAPTER 4

CSI Acquisition

The performance of physical-layer processing in wireless communication de-
pends critically on accurate knowledge of the CSI, which enables efficient
resource allocation, adaptive modulation and coding, and beamforming. How-
ever, acquiring high-dimensional CSI in practice is not trivial, as it involves
dealing with noisy measurements, hardware limitations, and rapidly time-
varying propagation conditions. This chapter explores the problems of CSI
estimation, compression, and prediction. CSI estimation concerns the infer-
ence of channel coefficients from pilot signals, while compression focuses on
reducing the dimensionality of CSI data, and prediction leverages temporal
correlations in the wireless channel to anticipate future CSI states. By treat-
ing CSI as a data modality in its own right, these tasks can increasingly
benefit from DL techniques. Throughout this chapter, we discuss classical ap-
proaches alongside recent data-driven methods, highlighting both theoretical
foundations and practical considerations.
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4.1 CSI Estimation

In general, CSI can be obtained either through blind or pilot-based estimation
techniques. Blind estimation methods attempt to infer the channel character-
istics directly from the received payload data without relying on known pilot
symbols [62], [63]. Although they can reduce pilot overhead, these methods
typically rely on strong statistical assumptions—such as signal independence,
constant modulus, or sparsity—and often involve solving non-convex optimiza-
tion problems. As a result, blind estimation is computationally demanding
and rarely feasible for real-time implementations. Consequently, this thesis fo-
cuses on pilot-based CSI estimation, which is the standard approach adopted
in practical communication systems [64], [65].

In pilot-based estimation, known pilot symbols are transmitted for channel
learning. Let X,, € CNV+*Ne denote the pilot matrix transmitted from the BS
with i antennas over IV, pilot resources. The received pilot signal at the
receiver equipped with N, antennas is modeled as

Y, =HX, + N, (4.1)

where Y, € CN-*Ne is the received pilot matrix, H € CM*M denotes the
MIMO channel matrix, and N represents additive noise. The goal is to obtain
an estimate H of the true channel H given the known pair (Y,,X,).

The main challenges in CSI estimation include the limited pilot resources
available in time and frequency, which constrain the number of pilots that
can be transmitted; the high dimensionality of the channel, particularly in
massive MIMO systems; and the stringent computational complexity and la-
tency requirements of real-time processing. Moreover, the statistical prop-
erties of practical channels are often unknown or non-stationary, making it
difficult to design accurate model-based estimators. Hardware impairments
such as carrier-frequency offset, phase noise, in-phase/quadrature (IQ) im-
balance, and low-resolution quantization further degrade estimation accuracy.
Finally, estimators trained or optimized for a specific frequency band, antenna
configuration, or propagation environment often generalize poorly when the
deployment conditions differ from those seen during training.

In TDD systems, uplink pilots are commonly used to estimate the uplink
channel, and under reciprocity calibration, the downlink CSI can be inferred
from the uplink channel, assuming the transmit and receive radio chains are
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properly calibrated. In contrast, FDD systems rely on downlink pilot trans-
mission, where the user estimates the downlink channel and subsequently feeds
the CSI back to the BS. This feedback incurs substantial overhead, particu-
larly in massive MIMO systems with large antenna arrays [66).

In FD systems, in addition to estimating the users’ channels, the SI channel
must also be accurately estimated to enable effective digital SI cancellation.
The received pilot signal at an FD transceiver is contaminated by the strong SI
component when the transmit antenna arrays share the same pilot resources
as the users. Moreover, the SI channel itself is typically a high-dimensional
MIMO channel, and jointly estimating it together with the users’ channels
significantly increases the computational complexity and pilot overhead of
CSI estimation in FD systems.

Under the MSE criterion, the optimal CSI estimator is the conditional mean
estimator (CME), defined as [67]

H* =E[H|Y,], (4.2)

which minimizes the MSE among all possible estimators [68]. By Bayes’ the-
orem, the CME can be expressed as

JHp(Y, | H) p(H) dH
p(Yp) ’

where p(Y, | H) denotes the likelihood function and p(H) is the prior distribu-
tion of the channel. The CME, however, is generally intractable in practice,
since the exact channel prior is unknown and the integral in is high-
dimensional and computationally prohibitive. Therefore, practical systems

H* = /Hp(H |Y,)dH = (4.3)

employ suboptimal but tractable estimators that balance estimation perfor-
mance with computational complexity.
A simple and widely used approach is the least-squares (LS) estimator,

His = Y, X], (4.4)

which requires no prior statistical knowledge of the channel but is sensitive to
noise and interference. When second-order channel statistics are available, the
linear minimum mean-squared error (LMMSE) estimator provides improved
performance by incorporating the channel covariance matrix [64], [69]. Let
h = vec(H) denote the vectorized channel with covariance matrix Ry, and
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noise variance o2. The LMMSE estimate is then given by
=~ -1
hynase = RuX[ (XpRuX[ 4 0%I)  vec(Y},), (4.5)

which achieves an optimal trade-off between bias and noise suppression by
leveraging the second-order statistics of the wireless channel. From a Bayesian
perspective, the LMMSE estimator is a special case of the CME under the
assumption of a Gaussian channel prior, and is therefore the optimal estimator
for channels following a Gaussian distribution.

While linear estimators are computationally efficient, their performance is
fundamentally limited by the assumptions of linearity, Gaussianity, and accu-
rate knowledge of the second-order channel statistics. In realistic propagation
environments, wireless channels often exhibit complex spatial-frequency cor-
relations, non-Gaussian fading, and hardware impairments that violate these
assumptions. Consequently, conventional estimators such as LS and LMMSE
may yield suboptimal performance.

Recent advances in DL have enabled data-driven CSI estimation methods
that learn the complex mapping between the received pilots and the underly-
ing channel directly from data without requiring explicit analytical knowledge.
Unlike traditional estimators that rely on simplified statistical assumptions,
NNs can implicitly capture rich propagation characteristics such as spatial
correlation, path sparsity, and frequency selectivity, leading to superior esti-
mation accuracy in challenging propagation environments [70]—[72].

More recently, the focus has shifted toward generative learning approaches
that aim to explicitly model the underlying distribution of wireless channels
rather than directly mapping pilots to estimates. By learning a generative
prior pg(H), these models approximate the unknown channel distribution re-
quired in the Bayesian formulation of . Early studies employed VAESs
to learn low-dimensional latent representations that capture essential chan-
nel statistics, while GANs focused on learning a generator that maps simple
latent priors to realistic channel realizations through adversarial training. In
contrast, diffusion-based generative models leverage score-based or denois-
ing diffusion probabilistic modeling to implicitly capture complex and mul-
timodal channel structures without relying on explicit analytical priors [73]—
[77]. These advances underscore the promise of generative Al as a powerful
new paradigm for channel estimation—effectively bridging the gap between
Bayesian optimal inference and practical deep learning implementations.
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Despite their advantages, DL—based CSI estimators introduce new chal-
lenges related to data collection, generalization, and computational cost. The
networks must be trained with large, high-quality datasets that capture the
variability of practical channels, and their performance may degrade when
deployed in unseen environments. Moreover, NNs require additional compu-
tational resources and careful design to meet real-time inference constraints.
Nevertheless, by approximating the optimal Bayesian estimator in a data-
driven manner, DL-based CSI estimation has emerged as a powerful paradigm
that complements and often surpasses classical model-based methods.

4.2 CSI Compression

As discussed in Section [2.2.2] in FDD systems, the downlink and uplink oper-
ate on different frequency bands, which breaks the channel reciprocity. Con-
sequently, the BS must transmit downlink pilots, and each UE must estimate
its downlink CSI locally and feed it back to the BS. This feedback process in-
troduces substantial communication overhead, particularly in massive MIMO
systems and wideband channels, where the downlink CSI is represented by
high-dimensional matrices. To mitigate this overhead, the downlink CSI must
be represented in a more compact form before transmission to the BS. This
process, referred to as CSI compression, aims to reduce the number of bits
required to represent the CSI while retaining as much relevant information as
possible for accurate beamforming and precoding.

In general, data compression seeks to encode information using as few bits
as possible while preserving the essential content. Compression techniques can
be broadly classified as lossless or lossy. Lossless compression enables exact
recovery of the original data, which is typically infeasible for high-dimensional
and continuous-valued CSI due to its limited redundancy. In contrast, lossy
compression allows small reconstruction errors in exchange for substantial bit-
rate savings, making it the practical choice for CSI feedback. The fundamental
trade-off between compression efficiency and reconstruction accuracy is cap-
tured by rate—distortion (RD) theory, which provides a theoretical framework
for analyzing and optimizing lossy compression systems.

Building on this principle, CSI compression can be modeled as a lossy trans-
formation process between two communicating entities. Specifically, an en-
coder f4 at the UE compresses the estimated CSI into a compact latent rep-
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resentation suitable for feedback, while a decoder gy at the BS reconstructs
the CSI from the received representation. Mathematically, this process can
be expressed as

H = gy(f5(H)),

where H denotes the reconstructed channel matrix. For a given distortion
measure d(H, H), e.g., normalized mean squared error (NMSE), the lossy CSI
compression problem can be formulated as

min Eld(H H)| st E[(fy(H) <R, (4.6)
b5 90

where £(-) denotes the number of feedback bits and R is the total feedback
budget. The constrained problem in (4.6)) can be equivalently expressed in its
Lagrangian form as

min E[d(h, b)] + AE[(fy(h)], (4.7)
feor90

where A >0 controls the trade-off between feedback rate and reconstruction
fidelity.

Several classical approaches have been proposed in the literature to reduce
the feedback overhead in FDD systems by exploiting the inherent structure
and sparsity of the CSI. Early methods relied on codebook-based quantization,
where each UE selects the most suitable precoding vector or channel represen-
tation from a predefined finite codebook, such as those standardized in LTE
and 5G NR [78], [79]. Seminal works on limited-feedback MIMO [80] analyzed
the design of Grassmannian and random vector quantization codebooks, and
later extensions considered multiuser and correlated-channel scenarios [81].
While conceptually simple and easy to implement, codebook-based schemes
suffer from poor scalability in massive MIMO systems, since the required code-
book size grows exponentially with the number of antennas and subcarriers.

To overcome this limitation, transform-domain and compressive sensing ap-
proaches were introduced. Transform-based methods exploit the sparsity of
the CSI in certain domains, such as the angular—delay or beamspace domain,
by applying a unitary transform, e.g., discrete Fourier transform (DFT), to
decorrelate spatial and frequency components before quantization and feed-
back [82]. Compressive sensing techniques, on the other hand, model the CSI
as a sparse signal and acquire only a small number of linear measurements at
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the UE, followed by sparse recovery at the BS [83], [84]. These methods can
substantially reduce the feedback load while preserving most of the channel
information, provided that the channel exhibits sufficient sparsity and that
the sensing matrix satisfies the restricted isometry property.

Despite these advances, classical approaches generally rely on linear signal
models, hand-crafted transforms, or idealized sparsity assumptions. Conse-
quently, their performance degrades in practical non-stationary, frequency-
selective, or rich-scattering environments, where these assumptions do not
hold. These limitations have motivated the development of data-driven and
DL-based CSI compression frameworks [85], which learn compact representa-
tions directly from channel data without explicit modeling assumptions.

In DL-based CSI compression, the encoder produces a latent representation
z = fo(H) €R? that is quantized and entropy-coded before transmission:

q=0Q(z), b=EC(q), H=ga) (4.8)

where Q(+) denotes a (scalar or vector) quantizer and EC(-) a lossless entropy
coder. The expected bit length is upper-bounded by the cross-entropy under
a learned prior py, given by

E[((b)] ~ E[-log,py(a)], (4.9)

where py is jointly optimized with the encoder-decoder network to model the
distribution of quantized latent features [86], [87].

Since the quantization operation is non-differentiable, it is replaced during
training with a differentiable approximation, enabling end-to-end gradient-
based optimization. Two common approaches are: (i) additive uniform noise,
which approximates quantization as q = z+u, where u~4(—0.5,0.5), and (ii)
the straight-through estimator (STE), which passes gradients through the dis-
crete rounding operation as 0Q(z)/dz~1 [88|, [89]. The overall optimization
objective can thus be expressed as

Juin E[d(H, go(a))] + AE[—1log, py(a)] . (4.10)

where q denotes the relaxed quantized latent. This formulation jointly op-
timizes the encoder, decoder, and entropy model to achieve an optimal RD
trade-off, directly aligning with the principles of RD theory [90].
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A critical challenge in DL-based CSI compression is generalization. NNs
trained under a specific environment often exhibit significant performance
degradation when deployed in unseen conditions. This sensitivity arises be-
cause the encoder—decoder pair implicitly learns the statistical structure from
the training data. To maintain performance across varying environments, one
solution is to retrain or fine-tune the neural model online. However, updating
an NN model introduces a new form of overhead: the updated model pa-
rameters must also be transmitted to the decoder side. Considering the large
number of parameters in state-of-the-art neural architectures, this process can
easily exceed the original CSI feedback cost, negating the compression gains.
Therefore, efficient adaptation strategies are essential to achieve a good RD
trade-off.

4.3 CSI Prediction

In modern wireless communication systems, CSI prediction has emerged as
a solution to cope with the rapidly time-varying nature of wireless channels,
especially in high-mobility and high-frequency scenarios such as vehicular and
mmWave communications. Since accurate and timely CSI is essential for
beamforming, resource allocation, and link adaptation, even small feedback
or estimation delays can severely degrade system performance. CSI prediction
aims to forecast future channel states based on past observations, effectively
extending the usable coherence time of the channel and reducing pilot over-
head. By exploiting the temporal correlation inherent in the wireless channel,
prediction methods enable the transmitter to proactively adapt its transmis-
sion strategy to the anticipated channel conditions, thereby improving robust-
ness and spectral efficiency under mobility.

Consider a wideband MIMO-OFDM system with [Vy transmit antennas, NV,
receive antennas, and N, subcarriers. Let the discrete-time, frequency-domain
CSI at time index n be

H, € CNexNexNe, (4.11)

where H,, (3, :, k) denotes the MIMO channel matrix on subcarrier k at time ¢.
We assume access to an observation window of IV, past channel realizations

H, £ {H, N 41,...,H,}, (4.12)
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and aim to predict a future horizon of N¢ time steps,

H £ {H,41,....Hogn, (4.13)

Under the MSE criterion, the optimal predictor f*(-) minimizes the ex-
pected prediction error between the true future CSI and its estimate, i.e.,

J* (Hy) = argmin 1E[||Hf - f(Hp)HQ} . (4.14)

The optimal solution to this problem, denoted by f*(H,), is the MMSE
estimator, which coincides with the CME of the future CSI given the past:

f*(Hp) = E[Hf | Hp]
(4.15)
== /pr(Hf | Hp) dHf.

In practice, however, the underlying channel distribution and its dynamics
are unknown and highly complex to model. Consequently, model-based ap-
proaches often fail to achieve satisfactory performance. In contrast, an NN
trained on a sufficiently large dataset can approximate the optimal predictor
f* by learning a parametric mapping fg that captures the underlying channel
dependencies.

Depending on the prediction strategy, NN—based models for CSI predic-
tion can generally be categorized into AR and sequence-to-sequence (seq2seq)
frameworks. In the AR formulation, the network is trained to perform one-
step-ahead prediction and then recursively uses its own outputs as inputs for
subsequent steps. Specifically, given past CSI observations Hj,, the network
predicts the next channel state as

H, 1 = fo(H,), (4.16)

and the prediction for future steps is obtained iteratively as

~ ~

H, ' = fo ({Hp,ﬁnﬂ, . ,HHH}) . T=2,...,Np. (4.17)

This approach is flexible and memory-efficient but prone to error accumu-
lation, as prediction errors at each step are propagated to subsequent ones.
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During training, techniques such as teacher forcing or scheduled sampling [91]

are commonly employed to stabilize learning and mitigate exposure bias.
Alternatively, in the seq2seq approach, the model directly maps the entire

sequence of past CSI to the sequence of future CSI in a single forward pass:

fi; = fo(H,). (4.18)

Seq2seq models can jointly learn temporal dependencies across all future steps,
often providing better long-term consistency and stability. However, they
are generally less flexible with respect to varying observation windows and
prediction horizons.

Motivated by the significant success of DNNs in time-series forecasting prob-
lems—such as stock market prediction [92], electricity load forecasting [93],
and traffic flow prediction [94]—the use of DNNs for CSI prediction has at-
tracted growing research interest [95]—[105]. Various NN architectures have
been GRUs, as well as Transformer-based models. RNN-based architectures
have been successfully employed for CSI prediction in [98], [99], [102], while
Transformer-based approaches have been investigated in [103], [104], showing
superior performance in modeling long-range temporal dependencies.

RNNs were among the earliest neural architectures designed to handle se-
quential data, where each element of the sequence is processed step by step
and encoded into a hidden state. Although RNNs can theoretically capture
long-term dependencies, they suffer from the vanishing and exploding gradient
problems, which make it difficult to learn long-range temporal correlations in
practice [106]. To address these limitations, more advanced architectures such
as LSTMs and GRUs were proposed. These models incorporate gating mech-
anisms—such as forget, input, and output gates in LSTMs, and update and
reset gates in GRUs—to better control the flow of information and mitigate
gradient-related instabilities. While LSTMs and GRUs improve performance
for moderately long sequences, they still rely on sequential processing, which
limits their scalability to long sequences and makes them prone to error propa-
gation. In particular, their training and inference times grow linearly with the
sequence length, which can become a bottleneck for large-scale or real-time
applications.

To overcome these limitations, the Transformer architecture was introduced.
Unlike RNN-based models, Transformers employ self-attention mechanisms to
process the entire input sequence in parallel, enabling more effective modeling
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of long-range dependencies while achieving significantly higher computational
efficiency |16]. This parallelism allows for faster training and inference, estab-
lishing Transformers as the state-of-the-art architecture in various sequence
modeling tasks. Owing to these advantages, Transformer-based approaches
for CSI prediction have gained increasing attention, and recent studies [103],
[104] have demonstrated substantial improvements in NMSE compared to
RNN-based models. Despite these advances, Transformers still demand con-
siderable memory and computational resources, and their inference latency
can become a bottleneck in real-time applications. To mitigate this issue,
recent work [104] proposes replacing the self-attention mechanism with a lin-
ear projection module, significantly reducing the computational complexity of
Transformer-based CSI prediction.

RNNs and Transformers have demonstrated strong performance in time-
series forecasting tasks, including CSI prediction. However, these architec-
tures typically learn a deterministic mapping from historical CSI to future
CSI, which limits their ability to capture the inherent randomness and mul-
timodality of wireless channel evolution. In realistic propagation environ-
ments, multiple plausible future trajectories can emerge from the same past
observations due to factors such as mobility, scattering dynamics, and small-
scale fading. In contrast, generative models aim to learn the full underlying
probability distribution of CSI evolution rather than relying solely on point
estimates. Despite their potential, the use of generative modeling for CSI pre-
diction has been relatively unexplored. In this context, Paper C addresses this
gap by employing diffusion-based generative models to capture the stochastic
nature of channel dynamics and produce more realistic and uncertainty-aware
predictions.
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Summary of included papers

This chapter provides a summary of the included papers.

5.1 Paper A

Mehdi Sattari, Hao Guo, Deniz Giindiiz, Ashkan Panahi, Tommy Svens-
son

Full-Duplex Millimeter Wave MIMO Channel Estimation: A Neural
Network Approach

IEEE Transactions on Machine Learning in Communications and Net-
working,

vol. 2, pp. 1093-1108, 2024

©2024 IEEE DOI: 10.1109/TMLCN.2024.3432865 .

This paper investigates CSI estimation in FD mmWave MIMO systems.
Different pilot dimension schemes are considered where transmit antennas
and users share pilot resources. The SI and user channels are estimated using
a CNN, and a subsequent channel mapping based on FNNs is introduced to
infer the user-receive channels from the user—transmit channels. Extensive
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simulations are conducted to analyze the NN-based channel estimators. The
results show that NN-based estimation significantly outperforms traditional
LS and MMSE methods, particularly in high-noise and high-interference sce-
narios.

MS and TS proposed the research topic, MS conducted the literature review,
formulated the problem, and developed the proposed solution. MS also per-
formed all simulations and wrote the paper. HG, DG, AP, and TS contributed
to revising and improving the manuscript.

5.2 Paper B

Mehdi Sattari, Deniz Giindiiz, Tommy Svensson

Neural CSI Compression Fine-Tuning: Taming the Communication Cost
of Model Updates

Submitted to IEEE Transactions on Machine Learning in Communica-
tions and Networking, Feb, 2026

In this paper, we address the generalization problem of neural CSI compres-

sion schemes. A key challenge arises from the need to transmit updated model
parameters to the decoder. To mitigate this issue, we employ a spike-and-slab
prior for model updates and incorporate the model update bit rate into the
RD optimization. Simulation results show that the proposed scheme achieves
improved RD performance while requiring minimal feedback overhead.
DG and TS proposed the research topic, MS conducted the literature re-
view, formulated the problem, and developed the proposed solution. MS also
performed all simulations and wrote the paper. DG and TS contributed to
revising and improving the manuscript.

5.3 Paper C

Mehdi Sattari, Javad Aliakbari, Alexandre Graell i Amat, Tommy Svens-
son

CSI Prediction Using Diffusion Models

IEEE Transactions on Wireless Communications, major revision, Feb,

2026.
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This paper presents a diffusion-based framework for CSI prediction. The

problem is decomposed into two components: a temporal encoder and a
diffusion-based generator. The temporal encoder extracts latent represen-
tations from past CSI observations, while the diffusion generator synthesizes
future CSI samples. We consider both AR and seq2seq inference strategies,
employing different neural architectures for the temporal encoder and vari-
ous backbone models for the diffusion generator. Furthermore, we propose
a simplified design in which the diffusion generator directly predicts future
CSI from past observations without an explicit temporal encoder. The results
demonstrate that the proposed diffusion-based CSI predictor significantly out-
performs state-of-the-art baselines.
MS and JA proposed the research topic, formulated the problem, and devel-
oped the proposed solution. MS conducted the literature review and wrote
the paper. MS and JA performed all simulations. AGA and TS contributed
to revising and improving the manuscript.
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Concluding Remarks and Future Work

This thesis has explored deep learning—based approaches for CSI estimation,
compression, and prediction. Although deep learning offers substantial per-
formance gains across a wide range of problems, its practical deployment in
real-world wireless systems remains challenging due to high computational
complexity and long inference times. While latency may be tolerable in many
applications, it is a critical constraint in wireless communications, and meeting
this requirement is essential for integrating deep learning into future wireless
technologies. Moreover, the generalization problem of deep learning models
must be carefully examined, as wireless environments are inherently dynamic,
and factors such as carrier frequency, propagation conditions, and network
topology can lead to widely varying CSI statistics.

FD transmission remains relatively underexplored, and existing SI chan-
nel models are not yet mature enough to accurately characterize near-field SI
propagation. Developing accurate SI channel models is essential for effective
SI estimation and cancellation. Further research is also needed to understand
the extent to which precise SI channel estimation can enhance digital SI cancel-
lation. Alternatively, intelligent beamforming and combining strategies may
help mitigate the need for explicit SI channel estimation, facilitating practical
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FD operation. However, when digital SI cancellation remains necessary using
an estimated SI channel, careful pilot design and transmission strategies will
be crucial to minimize pilot overhead while maintaining estimation accuracy.

The CSI compression framework presented in Paper B can be further ex-
tended to the multi-user scenario, where inter-user correlation and shared
channel characteristics can be exploited to improve compression efficiency.
Moreover, incorporating generative approaches such as diffusion models may
enable more effective modeling of CSI distributions, enhancing reconstruction
quality and robustness under limited feedback or noisy conditions. Future
research could also focus on task-oriented compression, where the encoder
preserves only the information relevant for downstream tasks, thereby achiev-
ing more efficient utilization of feedback resources.

While this thesis has demonstrated the potential of deep learning and dif-
fusion models for CSI prediction, a fundamental question is when and where
CSI prediction should be preferred over CSI estimation. Future studies should
quantify the trade-offs between prediction accuracy, estimation overhead, and
system latency under different mobility, channel dynamics, and SNR condi-
tions. Such analysis would clarify the operational regimes where prediction
provides tangible benefits over conventional estimation or tracking methods.
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A.1 Introduction

Abstract

Millimeter wave (mmWave) multiple-input-multi-output
(MIMO) is now a reality with great potential for further
improvement. We study full-duplex transmissions as an
effective way to improve mmWave MIMO systems. Compared
to half-duplex systems, full-duplex transmissions may offer
higher data rates and lower latency. However, full-duplex
transmission is hindered by self-interference (SI) at the receive
antennas, and SI channel estimation becomes a crucial step
to make the full-duplex systems feasible. In this paper, we
address the problem of channel estimation in full-duplex
mmWave MIMO systems using neural networks (NNs). Our
approach involves sharing pilot resources between user equip-
ments (UEs) and transmit antennas at the base station (BS),
aiming to reduce the pilot overhead in full-duplex systems and
to achieve a comparable level to that of a half-duplex system.
Additionally, in the case of separate antenna configurations
in a full-duplex BS, providing channel estimates of transmit
antenna (TX) arrays to the downlink UEs poses another
challenge, as the TX arrays are not capable of receiving pilot
signals. To address this, we employ an NN to map the channel
from the downlink UEs to the receive antenna (RX) arrays
to the channel from the TX arrays to the downlink UEs.
We further elaborate on how NNs perform the estimation
with different architectures, (e.g., different numbers of hidden
layers), the introduction of non-linear distortion (e.g., with
a 1-bit analog-to-digital converter (ADC)), and different
channel conditions (e.g., low-correlated and high-correlated
channels). Our work provides novel insights into NN-based
channel estimators.

A.1 Introduction

Current key enabling wireless technologies, such as massive multiple-input-
multi-output (MIMO), millimeter-wave (mmWave) communication, and ultra-
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dense networks have significantly improved the throughput of wireless commu-
nications [1]. Thanks to the huge bandwidth available in the mmWave band,
we can meet the high data rate requirements for future cellular networks, and
the high path loss at these frequencies can be compensated by utilizing the
beamforming gain of MIMO antennas. Nonetheless, these technologies have
been mainly studied for half-duplex communication, and the potential of uti-
lizing full-duplex communication has been widely overlooked. In full-duplex
transmission, a transceiver can simultaneously transmit and receive over the
same carrier frequency, in principle doubling the spectral efficiency. Besides,
the delay associated with half-duplex transmission is not present in full-duplex
systems, thereby enabling the low latency requirements of 5G and beyond [2],
13].

To realize full-duplex transmission, self-interference (SI) caused by each
transmit element over the receive array has to be canceled out. Consecutive
cancellation procedures are usually considered in three domains: propagation,
analog, and digital [4]. In propagation domain cancellation, SI power is sup-
pressed before reaching the receive chain circuit. Analog domain cancellation
is performed before the analog-to-digital converter (ADC) in the receiver ana-
log chain. Finally, digital domain cancellation suppresses the SI power remain-
ing from the propagation and analog domains [5]. Implementing full-duplex
in mmWave systems poses unique challenges distinct from lower-frequency
counterparts. Unlike lower-frequency systems, mmWave transceivers utilize
dense antenna arrays and wide bandwidths, necessitating tailored solutions
for handling the SI and exploiting spatial degrees of freedom. While lower-
frequency full-duplex solutions often rely on analog SI cancellation, mmWave
systems require novel approaches due to their unique transceiver architectures
and propagation characteristics.

There are two main antenna configurations used for full-duplex systems:
separate and shared. In the separate antenna configuration, separate anten-
nas are dedicated to transmission and reception, yielding high isolation and
relatively low interference. In contrast, in the latter configuration, a single
antenna is utilized for both transmission and reception, facilitated by the use
of circulators to separate the incoming and outgoing signals. This setup of-
fers a simpler overall design and reduced hardware costs, albeit with potential
challenges in managing interference and maintaining signal integrity.

Due to the large number of antenna elements in massive MIMO systems,
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channel estimation is a complex process with a high pilot overhead. This is the
case even in half-duplex systems, but is more pronounced in full-duplex sys-
tems due to the critical need for SI cancellation, which requires estimation of
the large SI channel. Several studies have been conducted to address channel
estimation in full-duplex systems. In [6], a channel estimation scheme based
on least squares (LS) estimation is proposed for bidirectional communication
between a pair of transceivers. The achievable sum rate was analyzed consid-
ering the limited dynamic range of the transmitter and receiver and channel
estimation error. In [7], an LS-based scheme was utilized for a multi-pair
two-way amplify and forward (AF) relaying system. Additionally, a low-pilot
overhead scheme was proposed, where two user equipments (UEs) employ the
same pilot sequence, while different UE pairs adopt orthogonal pilot sequences.

In [§], an expectation-maximization algorithm is utilized to address the
channel estimation problem in a large-scale MIMO system with a full-duplex
relay. The authors explore two different scenarios: in the first scenario, both
the base station (BS) and the relay estimate their respective individual chan-
nels, while in the second scenario, only the BS estimates the cascaded channel
between the transmitter, relay, and receiver. In [9], channel estimation is
performed in both the radio frequency (RF) and baseband domains. In the
RF domain, the authors employ the LS technique to estimate the SI chan-
nel. Subsequently, a subspace-based algorithm is employed in the baseband
to estimate the residual SI and BS-UE channels. The study in |10] proposes
a specific frame structure for full-duplex systems, for which the achievable
rate and SI channel estimation are analyzed. Furthermore, the impact of the
calibration period on SI channel estimation is investigated in [11].

In [12], the authors have studied the problem of hybrid beamforming with
low-resolution phase shifters for full-duplex mmWave large-scale MIMO sys-
tems and optimized the sum spectral efficiency (SE) of uplink and downlink
UEs, assuming perfect channel state information (CSI) knowledge. Two differ-
ent SI cancellation approaches, namely spatial suppression and SI subtraction,
have been compared in [13], taking into account channel estimation errors
and channel spatial correlation. The uplink and downlink achievable rates
have been obtained in [14], considering both the perfect CSI and imperfect
CSI cases in full-duplex massive MIMO systems with low-resolution ADCs. A
study has been conducted in [15] for full-duplex large-scale MIMO cellular sys-
tems, considering both non-cooperative and cooperative scenarios. Minimum
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mean squared error (MMSE) channel estimation is employed for ST and UE
channels. Analytical expressions have been derived for the ergodic achievable
rate using linear filters such as matched filter (MF) and zero-forcing (ZF).
Authors in [|16] have introduced a hybrid beamforming design for mmWave
full-duplex, addressing several practical aspects such as codebook-based ana-
log beamforming and beam alignment.

A neural network (NN) is a specialized tool within the field of machine learn-
ing that has demonstrated remarkable effectiveness in solving a wide range of
tasks, including computer vision, speech recognition, and autonomous driving
[17]. Thanks to the versatility of NNs, they have also found applications in
wireless communication, either in a block-structured manner or in an end-
to-end scenario [18]. Research in the wireless communication community has
explored optimizing traditional processing blocks, such as channel estimation
[19], precoding [20], signal detection [21], and CSI feedback [22], using deep
learning techniques. Moreover, in [23], an end-to-end communication system
has been represented by an autoencoder. In [24], a communication system
model is developed without prior information on the channel, with the assis-
tance of conditional generative adversarial networks (GANS).

Numerous studies have focused on NN-based channel estimation. In [25],
convolutional neural networks (CNNs) are employed to estimate the mmWave
massive MIMO channel, demonstrating that CNNs can achieve superior per-
formance compared to MMSE by effectively exploiting spatial and frequency
correlation. In [26], the authors utilize a specifically designed CNN called
“deep image prior” to denoise the LS estimated massive MIMO channel.
Their findings indicate that deep learning can successfully estimate pilot-
contaminated massive MIMO channels. In another work, [27], fully connected
neural networks (FNNs) are utilized to estimate the massive MIMO channel
from quantized received measurements with low-resolution ADCs. The study
reveals that with sufficiently large antenna arrays, fewer pilots are required
for channel estimation. For beamspace mmWave massive MIMO systems,
a learned denoising-based approximate message passing network is used to
solve the channel estimation problem [28]. Simulation results demonstrate
that deep learning-based channel estimation outperforms compressed sensing
(CS)-based schemes in this context.

As highlighted in several papers, such as [2], [3], and [12], the channel
estimation problem in full-duplex transmission has not received extensive re-
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search attention in the literature. The few existing works mentioned above
are primarily focused on simple channel estimation techniques, like LS esti-
mators, which may not ensure high-quality channel estimates in low signal-
to-noise ratios (SNRs). On the other hand, the MMSE channel estimator
requires knowledge of the channel correlation matrix and is burdened with
high computational complexity. More importantly, classical channel estima-
tion techniques require long pilot dimensions in order to perform well. But
as we pointed out, in full-duplex systems, the SI channel is a large MIMO
channel, and estimating this channel together with UE channels is extremely
costly, rendering the realization of full-duplex systems impractical. Further-
more, interference or residual error from SI and UE signals can heavily disrupt
the received pilot signal in full-duplex systems. Another challenge is acquir-
ing the channel from transmit antenna (TX) arrays to the downlink UEs in
separate antenna configurations.

In order to circumvent the aforementioned critical problems in channel es-
timation for full-duplex systems, we examine NNs to estimate both SI and
UE channels. The main motivation for adopting NNs for this problem can
be summarized as follows: 1) It has been shown in various studies that deep
learning can provide remarkably good performance in channel estimation with
a short pilot dimension, see e.g., [27], 2) Deep learning has demonstrated im-
pressive performance in noisy conditions [26], holding promise for addressing
the problem of heavy interference in the received pilot signal of full-duplex
systems. 3) Finally, NNs have been successfully utilized to approximate the
mapping of channels in frequency and spatial domains [29]. Therefore, NNs
are a good candidate for obtaining the channel from TX arrays to downlink
UEs by approximating the spatial mapping of the channel from downlink UEs
to receive antenna (RX) arrays, to the channel of TX arrays and to downlink
UEs.

The role of the number of hidden layers in NN-based channel estimators
is not well understood. The general belief in the advantages of depth stems
from experiments in machine learning on data modalities such as images or
text, which can be far more complex than wireless channels. The latency
constraints in wireless systems are also radically different from those in com-
puter vision tasks. As such, the same advantages of depth may not hold for
channel estimation. Additionally, the computational complexity and general-
ization capabilities of deep NNs are significant bottlenecks in implementing
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NN estimators in practice. Hence, we concentrate on simple NNs ranging
from zero to a few hidden layers. We aim to investigate how these simple NNs
perform across various channel conditions and system scenarios compared to
deep NNs. Additionally, to approximate the channel mapping from TX arrays
to downlink UEs to the channel of RX arrays to downlink UEs, we employ
FNNs with different numbers of hidden layers.

The summary of the contributions made in this paper is as follows:

A8

o First, we examine the performance of the NN-based channel estimator

with varying numbers of hidden layers and compare them to traditional
LS and MMSE techniques, as well as state-of-the-art deep NNs. We
consider architectures with 0, 1, 2, and 10 convolutional hidden layers,
with the latter corresponding to the deep NN architecture described in
[25]. To further explore NN-based estimators, we introduce 1-bit ADCs
at the full-duplex BS to introduce nonlinear distortion to the received
pilot signal. Additionally, to delve deeper into the problem of channel
estimation with low-resolution ADCs, we consider cases with 2-bit and
3-bit ADCs. Furthermore, we investigate the performance of NNs under
different channel spatial correlation regimes, namely, low-correlation and
high-correlation regimes.

In order to reduce the pilot overhead imposed by full-duplex transmis-
sion, we share pilot resources between TX arrays of BS and UEs and
explore different pilot dimensions. First, we estimate the SI channel and
then cancel out the SI signal from the received pilot signal to estimate
the UE channels. We discuss how the SI power influences the channel
estimates of UEs when pilot resources are shared between TX arrays
and UEs. We further analyze the effect of SI cancellation during the
pilot phase for UE channel estimation.

To acquire channel estimates from transmit arrays to downlink UEs
in separate antenna configurations, we seek a mapping from the chan-
nel of downlink UEs to the RX arrays to the channel of TX arrays to
the downlink UEs. Due to the multi-path effect and random scatter-
ing environment, there is no simple mathematical formulation for this
mapping. Instead, we utilize an NN to approximate it based on the uni-
versal approximation [30] theory. Accordingly, we estimate the channels
of downlink UEs at the RX arrays as well and then map them to the
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channel from TX arrays to the downlink UEs using NNs. Simulation
results show that the NN can learn this mapping successfully.

e We analyze how our trained models perform when there is a significant
distribution shift between the training and test phases. We utilize the
DeepMIMO dataset [31] to generate channel samples that differ from
the data used for training. As expected, the performance of the trained
model degrades due to the distribution shift. Moreover, we observe that
simpler NNs with fewer hidden layers exhibit better generalization abil-
ity compared to deeper NNs, since the number of trainable variables is
much lower in shallow NNs. This underscores the advantages of utilizing
simpler NN architectures for channel estimation problems.

¢ Finally, we compare the computational complexity of LS, MMSE, and
NN channel estimators in terms of floating point operations (FLOPs).
This comparison indicates that the number of FLOPs increases quadrati-
cally with the number of received antennas in MMSE estimation, whereas
in LS and NN-based estimation, it grows linearly. Furthermore, the
comparison of the computational complexity of NNs with different num-
bers of hidden layers indicates that NNs with a few hidden layers can
significantly save computational resources while employing a deep NN
poses a major challenge in practice.

The rest of this paper is organized as follows. Section introduces the
channel models for SI and UEs, as well as pilot transmission schemes. We
examine different channel estimation approaches such as LS and MMSE, and
introduce the NN-based estimator for SI and UE channels in Section [AZ3] and
the RX-TX mapping for separate antenna configurations. In Section [A.4] we
provide extensive numerical simulations and compare different channel esti-
mators in terms of normalized mean squared error (NMSE) and computational
complexity. Section concludes the paper.

Throughout the paper the following notations are used: Matrices are rep-
resented using bold uppercase letters, while bold lowercase letters denote vec-
tors. Transpose, transpose conjugate (Hermitian), and matrix inversion oper-
ations are denoted by the superscripts (-)7, (-)¥, and (-)~!, respectively. We
use E to denote expectation, || - || to represent the Frobenius norm, and ®
to denote Kronecker product. The identity matrix of size n X n is represented
by I,. For a generic matrix A € C™"*™, [A];; refers to the element in the
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hf(") € cNrx1 Uplink UEs

Downlink UEs
Full-duplex BS

Figure 1: System model with a full-duplex BS serving K, single-antenna UEs in
the uplink and K4 single-antenna UEs in the downlink channel.

(4, j)-th position. The operation vec(A) denotes a column vector obtained by
stacking the columns of A one below the other.

A.2 System Model

A.2.1 Channel Modeling

We consider a single-cell system with one full-duplex mmWave MIMO BS,
serving K, uplink UEs and K4 downlink UEs as depicted in the Fig. [I Both
uplink and downlink UEs are half-duplex devices and the total number of UEs
in the cell is K = K, + Kq. We consider separate antenna configurations,
where the BS is equipped with two uniform linear arrays to enable full-duplex
transmission. The number of transmit and receive antennas are Ny and Ny,
respectively, and they are linearly placed with a uniform distance.

In order to fully investigate different estimators within various scenarios, in
this work, the UE channels follow a geometrical channel model as follows [32]:

pP-1
u /Nr
h}E; ) = F\/ Bu,k E ai,kaa(ei,k)a k= 1a27-"aKua (Al)
=0
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P—1
N,
h,ﬂ.d) =1/ ?t\/ Ba.k Z airad(fir), k=1,2,..., Kq, (A.2)
i=0

where h,(qu)(hgcd)) is the uplink (downlink) channel between the k-th uplink
(downlink) UE and receive (transmit) antenna arrays at BS. Furthermore,
P represents the number of multi-path components, «;  ~ CN(0,1) are the
small-scale fading factors of individual paths, and S,q),, stands for the large-
scale fading

Bu(ay,k = ' — 10nlog(ry(ay,x) + Xk (A.3)

where T' denotes the average channel gain in dB at a reference distance of
1 m and specific carrier frequency, ), is the uplink (downlink) distance
between transmitter and receiver, xj is the shadow fading with a lognormal
distribution LA (0, ost), where oy is standard deviation, and 7 is the path loss
exponent. Furthermore, a,(#) and aq(f) are, respectively, the uniform linear
array (ULA) responses of the receive and transmit antennas, given by

as0)= | [ (0 .o e (- 1na)]
(A.4)
and
aq(f) = \/NTt [1,exp (jQwi(sin 9)) .., exp (jQWf\Z(Nt — 1)sin 9>]T,
(A.5)

where 6 is the angle of arrival/departure (AoA/AoD) to/from the receive/transmit
antenna arrays at the BS, and d and X are the antenna spacing and wavelength,
respectively. We assume that the AoA and AoD follow the local scattering
model with a uniform distribution [—%4%, #4s] [33], where fas is the angular
spread (AS) of the multi-path components.

In the full-duplex transmission, there is cross-link interference between up-
link and downlink UEs that needs to be carefully modeled. Nonetheless, since
the focus of the paper is channel estimation using uplink pilots, we are ne-
glecting the cross-link interference in our study.

We denote the SI channel from the transmit antenna arrays to the receive

antenna arrays as Hgy, which is modeled as a Rician fading channel due to the
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presence of a strong line-of-sight (LoS) path. Hence, the SI channel consists
of two components: the near-field and the far-field terms [2]:

K 1
Hg = /esiy/ ——H —H . A6
SI €SI 1 SLNF + P SLFF (A.6)

We assume that SI is sufficiently suppressed in the propagation domain
and the received signal at the baseband does not exceed the dynamic range
of the ADCs. We refer to the propagation domain SI suppression factor as
es;- Note that in the propagation domain, only the near field channel from
the transmit antenna arrays to the receive antenna arrays can be suppressed.
In the digital domain, the residual near-field and far-field SI channels can
be further suppressed after estimating the SI channel. The near-field term
Hg; nr arises from the close-in placement of the transmit and receive antennas,
while the far-field term Hg; pr is a result of the reflections in the environment.
Here, k is the Rician factor and Hgy pr follows a similar geometrical channel
modeling as the UE channels [32]:

N.N, =
Hgppr = ;3 “VBs1 Y ciaa(0i)aa” (6;), (A.7)
i=0

and fgs; follows a similar formulation to By(q),k-

The near-field term does not satisfy the far-field condition and therefore
requires a completely different channel modeling approach [34], |35]. In this
paper, we adopt the model in [36], given by

exp (—27@7""—’") , (A.8)

HsiNF),,, = \

nm
where 71, is the distance between the n-th receive antenna and the m-th
transmit antenna, and p is a constant for power normalization.

A.2.2 Pilot transmission schemes

We consider various pilot dimensions for channel estimation in full-duplex
MIMO systems. Since uplink and downlink transmissions happen at the same
time and frequency in full-duplex systems, only uplink pilots will be transmit-
ted from UEs. To estimate the channels of UEs and SI, both downlink and
uplink UEs, along with transmit antennas at the BS, transmit pilot signals
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T
|
r 1
Sl pilots UE pilots Payload data
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T
T=N+K
SI+UE pilots Payload data
| J
T
T=N,
SI+UE pilots Payload data
\—'—I
=K

Figure 2: Different pilot dimensions. T is the frame dimension during one coherence
block and 7 is the pilot dimension for estimating SI and UE channels.

to the receive antennas at the BS. Specifically, we assume that all the K UEs
transmit their pilot signals to the RX arrays in the channel estimation phase,
whereas in the payload data transmission phase, a subset of K, UEs will be
in the uplink mode and K4 UEs will be in the downlink mode.

In the baseline scenario, we assume UEs and transmit antennas of the BS
send their pilot signals at different pilot resources. Due to large antenna ar-
rays, with this pilot transmission, the pilot overhead will be extremely high.
In the second scenario, we assume the available pilot resources will be equal
to the number of transmit antennas at the BS, and UEs will reuse the same
pilot resources utilized by the BS to estimate BS-UE channels. Compared
to the first scenario, the pilot overhead will be lower, but the received pilot
signals will be contaminated by UEs/TX arrays when estimating SI/UE chan-
nels. To further reduce the pilot overhead, we reduce the number of pilots to
the number of UEs. In this case, besides interference, the SI channel must
be estimated with fewer pilots than the channel dimension, but with some
performance loss, we can achieve a comparable pilot overhead as half-duplex
systems. Three different pilot dimensions considered for estimating SI and
UE channels are depicted in Fig.

We assume that the received SI signal power remains stronger than the re-
ceived UE signal power, even after SI cancellation in the propagation domain.

A13



Paper A

Hence, our approach involves initially estimating the SI channel and subse-
quently subtracting the estimated SI signal from the received pilot signal to
estimate the UE channels.

A.2.3 Sl channel estimation

For SI channel estimation, the received pilot signal at the RX arrays can be
written as

Y1 = /SNRgHg FXs; + +/SNRygHyupXug + N, (A.9)

where Yg; € CN*7 is the received pilot signal at receive antennas of BS
during 7 pilot transmissions. Xyg € CX*T is the transmitted pilot sig-
nal from the K UEs, Xg € C™7 is a diagonal matrix whose diagonal
elements are transmitted pilot signals from the transmit antennas at BS,
F € CM*7 is the precoding matrix of transmit antennas of BS, and Hyg =
{hg‘”, hS, . G RO R hiD ] e ©NK s the concatenated uplink
and downlink channel response matrix, where the k-th column corresponds to
the channel between the k-th uplink or downlink UE and the receive antenna
at the BS. In this paper, we assume fully digital beamforming at the full-
duplex BS, and considering analog or hybrid precoding is left for future work.
We assume all UEs have the same transmit power pyg, and pgr denotes the
transmit power from transmit antenna arrays. We define SNRg; and SNRyg
as

H 2

SNRg; = PoHsi (A.10)
0-]']
H 2

SNRyy, = PeEHuEl (A11)
ag

n

where o2 is the noise variance. The matrix N € CM-*7 is the additive noise
comprised of independent and identically distributed (i.i.d.) elements follow-
ing a zero-mean unit variance Gaussian distribution.

Note that when the pilot dimension is 7 = N; + K, the SI and UE channel
estimation happens at orthogonal pilot resources. Hence, the received pilot
signal for SI channel estimation does not interfere with the pilots transmitted
by UEs.

During pilot transmission, we apply an orthogonal pilot codebook for the
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precoded SI signals from the transmit antenna arrays and pilot signals from
UEs. Specifically, we utilize the discrete Fourier transform (DFT) pilot code-
book, given by FXgr = Wy, «+, Xue = Wk «r, where,

11 1 I
1 w w? wt
1 1 w2 w4 . wz("—*l)
W, = ﬁ 1 w3 Wb e w3(—=1) (A.12)
1 wM‘l wz(M—l) . w(M—i)(T—l)

and w = e 2mI/7,

A.2.4 UE channel estimation

To estimate the UE channels, we use the estimated SI channel and cancel out
the SI signal power from the received pilot signal. Therefore, the received
pilot signal for UE channel estimation becomes

Yue =vSNRyeHyueXuE + v SNRs1EsiFXs1 + N, (A.13)

where Eg; £ Hgy — ﬂSI is the SI cancelation error and fISI is the estimated
SI channel.

Similarly, for the pilot dimension 7 = N; + K, the received pilot signal does
not contain the signal from the SI channel.

Typically, the channels of nearby UEs are correlated, and for the pilot di-
mension 7 = Ny and 7 = K, the residual error of SI cancellation introduces
further correlation in the received pilot signals used for UE channel estimation.
We estimate the entire UE channel matrix Hyg. In this way, we take advan-
tage of the correlation resulting from imperfect SI cancellation and leverage
the additional information for more accurate estimation of the UE channels.

A.3 LS, MMSE, NN-based Channel Estimation

In this section, we present three channel estimation methods: LS, MMSE, and
NN-based estimators for both SI and UE channels. First, we will recall the LS
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and MMSE channel estimators. Subsequently, we present channel estimation
using NNs for estimating the SI and UE channels. For SI channel estimation,
we correlate the received pilot signal with the pilot matrix transmitted from
transmit antenna arrays, therefore, we define

Yo = YW . (A.14)
Similarly for the UE channel estimation, we have

Yug = YugWE, . (A.15)

A.3.1 LS channel estimator

The LS channel estimator is the most simple channel estimation technique
that does not need any prior knowledge about channel statistics and finds the
channel coefficients that minimize the mean square error (MSE) between the
estimated channel and the received pilot signal. The LS channel estimator
can be calculated as follows

(A.16)
where ¢ € {SI, UE}.

A.3.2 MMSE channel estimator

MMSE is a Bayesian estimator that aims to minimize the MSE between the
estimated channel and the true channel. It offers improved performance com-
pared to the LS estimator by taking into account the statistical properties of
the channel and noise. To derive the MMSE channel estimator, we rewrite
the received pilot signal for SI and UE channel estimation in a vector form

vee(Ysr) = v/ SNRSIXSIUec(HSI) + /SNRygXygvec(Hyg) + vec(N),
(A.17)

vee(Yug) = v/ SNRUEXUEvec(HUE) + \/SNRSIXSwec(ESI) + vec(N),
(A.18)

Al6



A.8 LS, MMSE, NN-based Channel Estimation

where XSI = (FXSI)T ® INI- and XUE = (XUE)T & INr-
The channel covariance matrix is defined as follows

R, £ E [vec(H,)vec(Hy)"] . (A.19)

The channel covariance matrix for the MIMO channel can be related to the
transmit and receive covariance matrix via the Kronecker product

R=R,®R,, (A.20)

where Ry and R, are the transmit and receive covariance matrices.
The MMSE channel estimator for H,, H, vvse, minimizes the mean square

error (MSE) E [||H, — ﬁq,MMSEH?}. We have

vec(I:Iq’MMSE) = RquqR{(ivec(Yq), (A.21)

where
Ru,v, = E [vec(Hy)vec(Y,)"], (A.22)
Ry, £ E [vec(Y )vec(Y,)"]. (A.23)

We can formulate the MMSE estimates of SI and UE channels as in equations
A.24) and (A.25) provided at the top of the next page, respectively. In
A.25)), Rg represents the error covariance matrix of SI cancellation, which

can be calculated as in (A.26]).

vee(Hsi mmse) = V/SNRgr Rgr X &
. (SNRSIXSIRSIXg

- - —1
+ SNRUEXUERUEX{J‘IE + INtNr) VeC(YSI). (A.24)

vee(Hypmuse) = vV SNRug RueX iy
. (SNRUEXUERUEXgE

- - —1
+SNRSIXSIREX5E+IMM) vee(Yug).  (A.25)
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R = Rgr — SNRg R X4
: (SNRSIXSIRSIXgI

~ ~ -1 _
+ SNRupXusRusX g + INENT> XsiRsr. (A.26)

Note that for pilot dimension 7 = N; + K, the MMSE estimates of the SI
and UE channels simplify to the following equations using Woodbury matrix
identity [37],

N _ 1 ~
UeC(HSI,MMSE) = 1/ SNRSI (RSI 1 -+ TSNRSIINtNr) ngec(YSI), (A27)

A _ -1 =~
UeC(HUE,MMSE) =V SNRUE (RSI ! + TSNRUEINEN!_) ngec(YSI).
(A.28)

A.3.3 NN channel estimator

Although conventional channel estimation techniques such as MMSE can
leverage the spatial correlation present in large antenna arrays, they require
prior knowledge of the channel covariance matrix and are computationally
intensive due to matrix inversion involving a large matrix. In various fields of
research, it has been demonstrated that NNs can utilize the inherent structure
of data by solely observing a sufficient number of data points. Different net-
work architectures, such as FNNs; CNNs, recurrent neural networks (RNNs),
etc., can be utilized depending on the characteristics of the data. For in-
stance, CNNs are suitable for addressing problems with feature correlation
and local dependencies among them, while RNNs are more effective for han-
dling memory-based features like time series [17].

It has been shown in various studies that the wireless channel with large
antenna arrays is spatially correlated, see e.g., [38]. To exploit this spatial
correlation for channel estimation, we employ CNNs, which are suitable for
capturing the local dependency of features among data points.

The overall architecture of CNN for SI and UE channel estimation is de-
picted in Fig. The input to the CNN is the correlated pilot signal, i.e.,
Yq, and the output is the estimated channel, IA{(I,NN, q € {SI, UE}. In convo-
lutional layers, we apply a 3 x 3 window size sliding through the whole input
features with a unit stride size. Different numbers of hidden layers are em-
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n hidden layer(s) output layer

|
\ J 1
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Figure 3: The CNN architecture employed for SI and UE channel estimation. we
apply n (n = 0,1, 2,10) convolutional hidden layer(s) each with a 3 X 3 window size
and 64 convolutional kernels.

Q
)
B
A
EY
=
w
X
L
b
Q,
£

(@]
=}
g
-
-~
)
X
w
=l
&
=

nYlexely9 [auo)y

ployed, where each layer applies 64 convolutional kernels to extract features
from the successive windows of its input features. The effect of the number of
hidden layers will be carefully examined in Section [A74]

To keep the dimensions of the output and input fixed, we utilize padding
after convolution processing. We apply rectified linear unit (ReLU) as the
activation function for the hidden layers, while for the output layer, linear
activation is used. Since tensors do not support complex operations, the
input to the CNN is converted to three-dimensional tensors, where the third
dimension stores the real and imaginary parts of the complex data samples.
Therefore, if we define X;, and Y¢, as the input and labels of the CNN during
training, we have

X [1,5,00 2R {Yq} ,

R (A.29)
X [5,51] 2 S {Yq} .
Y. [:,:,0] & R{H,},

A.30
Y, 55 1] é\y{Hq}. ( )

A training dataset comprising M;,. samples is generated, where the n-th
sample is given by (?gn), Hgn)). We employ supervised learning, where H, is
regarded as the label during training. To obtain the ground truth channel sam-
ples, HS,”), for SI and UE channels, we follow the channel model introduced in
Section[A72] Each realization of data samples in the dataset is generated based
on this channel model, where, in each realization, the small-scale fading coef-
ficient, large-scale fading, and AoA/AoD take on a new realization based on
their corresponding distributions. Specifically, we draw samples from CN (0, 1)
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Figure 4: Phase shift between the RX and TX arrays in the separate antenna
configuration in a full-duplex BS.

for every multi-path component for small-scale fading, U [—%, %} for ev-
ery multi-path component for AoA/AoD, and LN(0,0,y) for shadow fading
in large-scale fading. After generating channel realizations, the received pi-
lot signal for SI and UE channel estimation, Y,(In), is generated by adding
Gaussian noise to every realization and multiplying by the pilot matrix cor-
responding to different pilot dimensions. We apply min-max scaling to scale
the dataset in the range (0,1). Such normalization is highly recommended for

training machine learning models. We consider MSE as the loss function

My
1
MSE = R § [[Xer — Yiel 5. (A.31)
=1

A.3.4 RX-TX channel mapping

Since in separate antenna configurations, two different antenna arrays are
utilized for uplink reception and downlink transmission, uplink and downlink
channels experience different channel realizations. So far we have assumed
that RX arrays at BS receive pilot signals from both uplink and downlink
UEs and estimate all channels from both uplink and downlink UEs to the RX
arrays. For downlink transmission, the full-duplex BS needs the CSI from the
TX arrays to downlink UEs. The TX arrays are not capable of receiving and
processing pilot signals and implementing a separate receive RF chain and
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ADC at the TX arrays for just pilot processing will be costly. As a result, we
need to somehow map the channel from the downlink UEs to the RX arrays to
the channel from the TX arrays to the downlink UEs. Due to the multi-path
effect and random scattering environment, it is not straightforward to derive
mathematically the relation of such mapping. More specifically, we assume
that the RX-UE channel is

P-1
1
hugrx =4/ 37V Fu > aiaa(6y), (A.32)
r i=0

where a; and 6; are the amplitude and the AoA of i-th path, respectively.
As shown in Fig. [l TX and RX arrays are at a close distance in the order
of a few wavelengths from each other; Therefore, the channel amplitude for
each path is essentially the same for both the RX and TX arrays, while the
antenna separation creates a delay depending on the AoA of each path. Thus,
the TX-UE channel will be

P-1
1 i 2m )

hyg,x = \/;\/ Ba > azaq(f;)e I X 1o, (A.33)
¢ i=0

The mathematical relationship between hyg tx and hygrx is not well-
defined due to the random AoA and the effects of multi-path propagation.
On the other hand, based on universal approximation theory [30], feedfor-
ward NNs are capable of approximating any continuous function. This theory
suggests that, given enough computational resources and data, it is possible
to build NN models that can accurately approximate any function. Therefore,
universal approximation theory inspires us to employ NNs to map the channel
from the downlink UEs to the RX array to the channel from the TX array to
the downlink UEs. Furthermore, recent studies [29] have demonstrated the
existence of a spatial mapping function that can effectively map the channel
from one set of antenna arrays to another. To accomplish this, we utilize an
FNN with varying numbers of hidden layers. The input for FNN is the channel
from the downlink UEs to the RX array, while the output is the channel from
the TX array to the downlink UEs. Therefore, for the training of FNN, we
collect My, samples of hyg rx as the input and hyg,tx as the corresponding
label. To generate data samples for RX-TX channel mapping, we first gener-
ate the ground truth channel realizations for hyg rx, and their corresponding
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labels for hyg,rx are generated by adding its corresponding delay to each
multi-path component. Again, we apply min-max normalization and MSE
loss function for training. We create the following data samples as the input
and label of FNN to work with real-valued tensors:

Xtr[o : Nr] = ER{hUE,RX}7 (A 34)
xee [Ny : 2N,] = S {hug.rx ) - '
ver[0 0 Ny] = R {hugx},

(A.35)
Ver[Ny : 2N) = S {hygrx} -

A.4 Simulation results

In this section, we present our simulation results for ST and UE channel estima-

tion. We compare channel estimators that we introduced in previous sections,

i.e., LS, MMSE, and NN for different pilot dimensions. The NMSE is consid-

ered the performance metric to compare the different channel estimators, and

it is defined as

HHtrue - Hest”%‘
[Hirel|F 7

where Hy,no and Heg are the true and estimated channel matrices, respec-
tively.

NMSE £ E (A.36)

We consider an operating frequency is 28 GHz, corresponding to a wave-
length of A = 10.71 mm. We set the number of TX and RX arrays to 16, with
a distance of 10\ between them, and antenna spacing in the transmit and the
receive arrays is d = % The total number of downlink and uplink UEs is
set to K = 8 and we assume all UEs are uniformly distributed within 20 m?2.
The path loss parameters are based on experimental results from [39], where
the path loss constant at the reference distance is I' = —72 dB, the path loss
exponent is n = 2.92, and the shadow fading standard deviation is og = 8.7
dB. Unless otherwise claimed, the number of multi-path components is P = 5
and AS is x5 = 60°. The SI Rician factor is kK = 40 dB and we assume that
the propagation SI cancellation is esy = —40 dB [12].

The NN-based channel estimators are trained on Python 3.7.16 and imple-
mented using the Keras libraries with a TensorFlow backend in the Jupyter

Notebook environment. We employ Adam optimizer with a batch size of 512
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Figure 5: NMSEgr vs SNRgr with a varying number of hidden layers.

to update the network parameters. A dataset of 50,000 samples is collected
based on the channel model and it is split into 20,000 samples for training,
20, 000 samples for validation, and 10, 000 samples for testing. The validation
data is used to ensure that the model does not simply memorize the training
data but learns meaningful aspects of the data for effective prediction.

A.4.1 Analysing NN-based channel estimator

Before examining the different channel estimators for various pilot dimensions
discussed in subsection[A-2:2] we conducted several experiments to understand
the behavior of NN-based channel estimators under different channel condi-
tions and NN architectures for training. The following results are specific to
SI channel estimation with a pilot dimension of 7 = N; 4+ K. For the sake of
brevity, we have not included plots for other pilot dimensions and UE chan-
nel estimation. For the MMSE channel estimator, we obtain the empirical
channel covariance matrix estimated through M channel realizations, i.e.,

M
1 ) )
R, = i E vec(HgZ))vec(Hé’))H, (A.37)
i=1

where throughout our simulation, we set M = 1000.
Fig. [f] illustrates the NMSEg; versus SNRg; with different numbers of hid-
den layers. We can observe that NN-based channel estimator outperforms
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Figure 6: NMSEs; vs SNRgr with a varying number of hidden layers for a full-
duplex BS with 1-bit ADCs.

the LS and MMSE estimation. Furthermore, utilizing hidden layers slightly
improves the NMSE of channel estimates. For instance, CNN with 2 hidden
layers decreases the NMSE by about 1 dB compared to CNN with no hid-
den layer. However, comparing CNN with 10 hidden layers (DeepCNN) with
that of 1 or 2 hidden layers suggests that using very deep CNNs does not no-
ticeably improve the channel estimates (about 0.3 dB NMSE improvement),
while significantly increasing computational complexity. Furthermore, the er-
ratic behavior of DeepCNN at high SNRs can be rectified through fine-tuning,
for example, by using a different number of convolutional kernels, adjusting
the learning rate, etc. However, for the sake of comparison, we applied the
exact same parameters to all CNNs with different numbers of hidden layers.
In practical scenarios, various non-linear distortions in hardware components
exist, adding complexity to the problem of channel estimation. To further an-
alyze the impact of the number of hidden layers, we consider the introduction
of 1-bit ADCs at the BS to incorporate a non-linear distortion effect into the
received pilot signal. When employing 1-bit ADCs, the received pilot signal
becomes [27]

Y bt =sgn(Ysy), (A.38)

where sgn(-) is the element-wise signum function.
Once again, we apply CNN with a varying number of hidden layers to ad-
dress the channel estimation problem with 1-bit ADCs. In this case, the input
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Table 1: Optimal uniform quantizer [40]
Resolution (b)  Step size (Ap) Distortion ()

1-bit VE 1-2

2-bit 0.99 0.1188
3-bit 0.586 0.0374
4-bit 0.335 0.0115

to the CNN is Yl_bit = Yl_bitWﬁt «+» and the output is the estimated channel.
Fig. [6] presents the NMSE of LS, MMSE, and NN-based channel estimators.
As observed in the figure, the addition of hidden layers improves the NMSE
by approximately 1 dB, which is similar to the improvement observed in the
case of infinite-bit ADCs in Fig.

To delve deeper into the problem of channel estimation with low-resolution
ADCs, we followed the study in [40]. We assume that ADCs apply b-bit uni-
form scalar quantization with a set of 2°—1 thresholds denoted as {71, ..., Tos_1 }.
The thresholds of the uniform quantizer will be

n=(-2"1+ DAy, leL={1,...,2" -1}, (A.39)

where Ay is the step size.
The quantization function is independently applied to the real and imagi-
nary components of the signal, with its definition as follows:

A, . .
T — =t if r € (1, 7| with [ € L,
Q=47 Hrenol (A.40)
(2 — 1)Tb lf re (7—21;71,7—2!)].
Therefore, the received pilot signal after b-bit ADC follows:
Yibit = Qu(Ysr), (A.41)

The quantization step size is usually chosen to minimize the quantization
MSE, and the optimal values are listed in Table|l|for their corresponding bits.
The quantization distortion, 7, is defined as

Qs (r) —TII%}

(A.42)
|13

leéE[
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Figure 7: NMSEs; vs SNRgr with a varying number of hidden layers for a full-
duplex BS with few-bit ADCs.

We conducted simulations for 2-bit and 3-bit ADCs, and similar results can
be extrapolated for higher resolutions. From Fig. [7] we can observe that
increasing the number of hidden layers improves estimation with 2-bit and 3-
bit ADCs, similar to the results for the 1-bit case. Furthermore, as expected,
the higher the resolution of ADCs, the better the NMSE of channel estimates.

Then, we examine the behavior of the NN-based channel estimator under
two distinct channel correlation conditions: high-correlated and low-correlated
scenarios. The plots in Fig. [§]illustrate how the LS, MMSE, and NN-based es-
timators perform under different spatial channel correlation strengths. Larger
fas corresponds to lower spatial correlations, and vice versa. In the high-
correlated scenario, the MMSE estimator can explicitly leverage the channel
covariance matrix, resulting in a significant improvement in estimation qual-
ity. This leads to a substantial gap between the LS and MMSE estimations.
However, in the low-correlated channel, both the LS and MMSE estimations
converge to the same NMSE at high SNRs. Comparing the NN-based esti-
mation with the LS and MMSE estimations in both low-correlated and high-
correlated channel conditions provides interesting insights into the behavior
of the NN-based estimator. In the low-correlated scenario, the NN-based es-
timator outperforms both the MMSE and LS estimations. However, in highly
correlated channel conditions, the MMSE estimator consistently outperforms
the NN-based estimator. This observation suggests that the NN-based estima-
tor, in a data-driven fashion, struggles to utilize the second-order statistics of
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Figure 8: NMSEg; vs SNRgj for (a) low-correlated and (b) high-correlated channels.
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Figure 9: NMSEg; vs x with different values of k during training (K¢rain )-

the channel for estimation, as well as the MMSE estimator does. Furthermore,
the plots suggest that in a low-correlated scenario, increasing the number of
hidden layers does not yield any noticeable improvement. However, in a highly
correlated channel condition, the NMSE decreases with the addition of more
hidden layers to the NN architecture.
Therefore, the choice of the depth of NN architecture is subject to the
channel condition and cannot be regarded as universally applicable. Never-
theless, this observation underscores the significance of channel statistics in
determining the architecture of NN for the channel estimation problem.
Finally, Fig. [0 shows the NMSE of SI channel estimation versus x with
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Figure 10: NMSEs; vs SNRg; for different pilot dimensions, SNRyrg = 0 dB.

different values of Kirain during training. We exclude the plots with 1, 2,
and 10 hidden layers for enhanced clarity. As seen in this figure, the NMSE
of SI channel estimates behaves differently depending on the value of Ktpain-
Specifically, when the NN is trained on low Kiain, the NMSEg; increases as
k increases. Conversely, when the NN is trained on high Ktrain, the NMSEgy
decreases as k increases. However, training on different values of £¢ai, ranging
from 20 to 100 dB shows that higher values of k lead to higher NMSEg;.
While it seems that in the large x regime, estimating the SI channel would be
simpler for the NN because it is dominated by the near-field component Hgr np
and thus more deterministic, we should highlight that we trained our NN
with various values of x in the black dash-dot curve. Therefore, the training
data included the stochastic Hgypr. During testing, the NN encounters a
deterministic channel in the very large x regime, which differs from the training
conditions, leading to suboptimal performance compared to when « is not very
large. This behavior can be connected to the distribution shifts in the NNs
that we will discuss in subsection[A:4.3] Specifically, in the very large  regime,
the data distribution becomes more deterministic, whereas the training data
included stochastic data from smaller x values.
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Figure 11: NMSEgs; vs SNRyg for different pilot dimensions, SNRsr = 0 dB.

A.4.2 S| and UE channel estimation for different pilot
dimensions

Next, we examine the performance of SI channel estimation for different pilot
dimensions, as described in Section For the following simulations, we
applied a CNN with no hidden layers and set 85 = 60°.

The NMSE of SI channel estimation vs SNRg; and SNRyg are provided
in Figs. [I0] and [I1] for different pilot dimensions, respectively. The results
demonstrate that the NN-based estimator outperforms the LS and MMSE
estimators across considered pilot dimensions. Moreover, from Fig. it
is evident that the NN-based approach is more resilient to interference from
UEs when compared to the MMSE and LS estimation methods. Using fewer
pilot dimensions leads to a significant reduction in the quality of channel
estimates for all three approaches. However, the reduction in pilot dimensions
can allow more resources to be allocated to transmitting payload data. The
trade-off between the performance of channel estimates and the number of
pilot dimensions used depends on the required accuracy threshold for channel
estimates and the system data rate.

We have also generated similar plots for UE channel estimation, showing
the NMSE with respect to SNRyg and SNRgr. The plots are presented in
Figs. [12 and [I3] respectively, with varying pilot dimensions. We employ the
MMSE estimator to cancel out the SI signal from the received pilot signal
in LS, MMSE, and NN-based channel estimators for UE channel estimation,
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Figure 12: NMSEyg vs SNRug for different pilot dimensions, SNRg1 = 10 dB.

specifically when the pilot dimensions are 7 = N; and 7 = K. Note that
we also utilize the error covariance matrix for the MMSE estimator when
estimating UE channels as denoted in . From the results, it is evident
that the NN-based approach using shorter pilot dimensions like 7 = Ny or
7 = K, outperforms LS channel estimation with a pilot dimension of 7 =
N; + K. Even the MMSE channel estimator with longer pilot dimensions
(e.g., 7 = Ny + K), is unable to outperform the NN-based technique with
shorter pilot dimensions (e.g., 7 = N¢). These findings clearly demonstrate
the superiority of NN in accurately estimating wireless channels, particularly
in scenarios with lower SNRs and higher interference.

A higher SNRg; results in better SI channel estimation and, consequently,
less error in SI cancellation for UE channel estimation. Conversely, a higher
SNRyg increases the NMSE of SI channel estimation, leading to an increase
in error for UE channel estimation. On the other hand, a higher SNRyg leads
to improved UE channel estimates, while a higher SNRgy increases the power
of interference during UE channel estimation. To understand the joint effect
of SNRyg and SNRg; for UE channel estimation, we generated the color bar
plots in Fig. [ for LS, MMSE, and NN-based estimation considering a pilot
dimension 7 = K. Based on the results in this figure, we can conclude that a
lower SI signal power or higher SI cancelation will lead to better UE channel
estimates.

To further analyze the effect of SI cancelation on UE channel estimation,
we considered two cases: in the first case, we cancel out the effect of the SI
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Figure 13: NMSEygr vs SNRg; for different pilot dimensions, SNRyg = 5 dB.
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Figure 14: NMSEug vs SNRgr and SNRyg for (a) LS, (b) MMSE, and (c) NN
channel estimators, 7 = K.

signal from the received pilot signal with the estimated SI channel, while in
the second scenario, we estimate UE channels in the presence of interference
from the SI channel. The results are shown in Fig[I5] Note that for the MMSE
estimation, in the case of SI cancellation, we incoporate the error covariance
matrix of the estimated SI channel together with the covariance matrix of the
UE channels, while for the scenario without SI cancellation, we exploit the
covariance matrix of both SI and UE channels. We can observe that MMSE
estimations for these two scenarios result in the same NMSE of UE channel
estimates. By comparing the results for LS, MMSE, and NN channel estima-
tors, we observe that SI cancellation during the pilot transmission phase does
not provide significant improvement, while estimating the large SI channel
matrix is costly.
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Figure 15: UE channel estimation with/without SI cancellation, 7 = K, SNRg1 =
20 dB.

To assess the performance of the NN-based channel mapping between RX
and TX arrays at the BS in the separate antenna configuration, we present the
NMSE of this mapping concerning varying angular spreads and two different
numbers of antennas in Fig. We trained an FNN with a varying number of
hidden layers at angular spreads of [10, 100, 190, 280] degrees during training.
From this figure, we can conclude that an NN effectively predicts the channel
from the TX arrays to downlink UEs, given the CSI from downlink UEs to
the RX arrays. The prediction accuracy is higher in scenarios with lower
angular spread, attributed to increased spatial correlation, and vice versa.
Furthermore, the quality of prediction improves with an increased number of
antennas, as angular resolutions increase with a larger array.

A.4.3 Distribution shift

When a learning model is trained on a particular dataset with a specific distri-
bution of features, it learns to make predictions based on the patterns inherent
in that dataset. However, deploying such models in real-world scenarios often
involves testing them with datasets that may differ in distribution from the
training data. This misalignment between training and test distributions can
lead to a phenomenon known as distribution shift, where the model’s per-
formance deteriorates due to its inability to generalize effectively to unseen
data and it poses significant challenges in testing the efficacy and reliability
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Figure 16: NMSE of channel mapping between RX and TX arrays vs angular
spread.

of learning models.

To analyze the effect of distribution shift on our trained models, we uti-
lize the DeepMIMO dataset in the test phase. This dataset constructs the
MIMO channels based on ray-tracing simulation from Remcom Wireless In-
Site [41]. Specifically, we use the ‘O1” scenario at 28 GHz with the parameters
specified in Table 2] We generate 4977 channel realizations from the Deep-
MIMO dataset to test the NN model for UE channel estimation trained based
on the channel data from geometrical channel models introduced in Section
The same can be applied for SI channel estimation, but for brevity,
we do not include the results for this case. As seen from Fig. due to
distribution mismatch, the NMSE degrades in the test phase. Furthermore,
we observe that NNs with fewer hidden layers generalize better compared to
deeper CNNs since the number of trainable parameters is much higher in deep
CNNs. This underscores the benefits of utilizing simpler NN architectures in
terms of generalization abilities.

A.4.4 Complexity Analysis

Finally, we compare the computational complexity of the LS, MMSE, and NN
channel estimators in terms of FLOPs. The results are summarized in Table
@ where ( represents the side length of the convolutional window, and f;_;
and f; denote the numbers of input and output convolutional kernel of the I-th
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Table 2: DeepMIMO dataset parameters
DeepMIMO parameters Value

Number of paths 10
Active UEs from row 550 to 1650
Active BS number BS 3
Bandwidth 50 MHz
BS antennas N, =1, N, =16, N, =1
UE antennas N,=1,N,=1,N, =1
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Figure 17: Performance of NN channel estimator for UE channel estimation with
distribution shift.

layer. A bar plot is shown in Fig. [I8]for SI channel estimation and pilot dimen-
sion 7 = IV based on the CNN architecture used in the simulation, i.e., { = 3,
fo=frL =2, and f; = 64 for the remaining layers (i = 1,2,...,L — 1). Note
that we have ignored the computational complexity of the covariance matrix
calculation for MMSE estimation, as the channel statistics do not typically
change during several coherence blocks. For the same reasons, we also ignored
the computational complexity of the matrices in the MMSE formula that de-
pend on spatial correlation matrices, assuming they can be pre-computed and
used until the channel statistics change substantially. According to table [3]
the number of FLOPs exhibits quadratic growth with the number of received
antennas in MMSE estimation, while for LS and NN-based estimation, it is
linear. Furthermore, CNNs with no or one hidden layer require fewer FLOPs
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Table 3: Number of FLOPs for SI and UE channel estimation using LS, MMSE,
and NN estimators.

LS | MMSE CNN
SI | NyNor | N2No | NoNor + No Ny S Cofi f
UE | N,Kr | N2K7 | NNKT+ NKY. [ Cfifi

1074 -
| ] II
- II II

LS MMSE CNNO CNNI CNN2 CNNI10

Number of FLOPs

Figure 18: Number of FLOPs for SI channel estimation of different estimators.
CNNx represents a CNN with x hidden layer(s).

than MMSE estimation, while increasing the number of hidden layers signifi-
cantly increases the computational complexity. In particular, adding a hidden
layer with 64 convolutional kernels and a 3 x 3 window size requires about
1.5 x 10% more FLOPs for estimating a MIMO channel with 16 antennas.

A.5 Conclusion

In this paper, we studied the channel estimation problem for full-duplex
mmWave MIMO systems using NNs. We show that simple NNs with no or few
hidden layers can achieve comparable NMSE to deep NNs. This conclusion
holds to some extent even in the presence of few-bit ADC distortion, with ad-
ditional hidden layers only slightly improving the NMSE of channel estimates.
Furthermore, simpler NN architectures with fewer hidden layers demonstrate
more robust generalization abilities compared to deep NNs. The comparison
between the NN and MMSE channel estimators indicates a notable difference.
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In the high-correlated regime, MMSE is the preferable channel estimator com-
pared to LS and NN, as it can leverage the explicit channel covariance matrix.
However, in scenarios where spatial correlation is not extremely high, our re-
sults demonstrate that NNs outperform MMSE estimation. Additionally, the
NN-based channel estimator performs remarkably better than MMSE when
fewer pilot resources are utilized for channel estimation. This performance
allows for a reduction in pilot overhead in full-duplex systems. We applied
FNNs to approximate RX-TX channel mapping for the separate antenna con-
figurations in full-duplex systems. Simulation results demonstrate that NNs
effectively map channels from downlink UEs to the receive arrays to the chan-
nel from the transmit arrays to downlink UEs, particularly in scenarios with
high correlation and large antenna arrays. Finally, the complexity analysis
reveals that NN-based estimation with fewer than two convolutional hidden
layers requires fewer FLOPs compared to MMSE estimation.
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B.1 Introduction

Abstract

Efficient channel state information (CSI) compression is essen-
tial in frequency division duplexing (FDD) massive multiple-
input multiple-output (MIMO) systems due to the substantial
feedback overhead. Recently, deep learning-based compression
techniques have demonstrated superior performance for CSI
feedback. However, their performance often degrades under
distribution shifts across wireless environments, largely due
to limited generalization capability. To address this challenge,
we consider a full-model fine-tuning scheme, in which both the
encoder and decoder are jointly updated using a small num-
ber of recent CSI samples from the target environment. A
key challenge in this setting is the transmission of updated
decoder parameters to the receiver, which introduces addi-
tional communication overhead. To mitigate this bottleneck,
we explicitly incorporate the bit rate of model updates into
the fine-tuning objective and entropy-code the model updates
jointly with the compressed CSI. Furthermore, we employ a
structured prior that promotes sparse and selective parame-
ter updates, thereby significantly reducing the model-update
communication cost. Simulation results across multiple CSI
datasets demonstrate that full-model fine-tuning substantially
improves the rate—distortion performance of neural CSI com-
pression, despite the additional cost of model updates. We
further analyze the impact of the evaluation horizon, the quan-
tization resolution of model updates, and the size of the target-
domain dataset on the overall feedback efficiency.

B.1 Introduction

Masssive multiple-input multiple-output (MIMO) is one of the key enabling
technologies for 5G and beyond. By equipping the base station (BS) with
massive antenna arrays, a large number of users can be served simultane-
ously through high-resolution beamforming techniques, resulting in remark-
able spectral efficiency. To enable massive MIMO technology, channel state
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information (CSI) must be available at both the BS and user sides. Various
channel estimation techniques can be employed to estimate CSI by observ-
ing pilot signals. In time-division duplexing (TDD), only downlink/uplink
channels need to be estimated, as the other channel can be derived thanks
to reciprocity. However, in frequency-division duplexing (FDD), reciprocity
does not hold, so the channels in both directions need to be estimated and
fed back[1], [2].

To enable FDD transmission for massive MIMO systems, CSI compression
techniques are critical to circumvent excessive feedback overhead. Various CSI
compression techniques have been studied in the literature by employing com-
pressed sensing [3], [4], vector quantization [5], [6], and more recently, deep
learning tools |7]—[15]. Due to strong spatial correlation, the CSI matrix can
exhibit sparsity in certain domains, and compressed sensing methodologies
can be applied to efficiently compress the large CSI matrix 3|, [4]. However,
these algorithms often struggle to find the best basis to project the CSI matrix
to lower dimensions. Furthermore, compressed sensing-based algorithms are
iterative and time-consuming, making them infeasible for deployment in mas-
sive MIMO channels. Similarly, in vector quantization for CSI compression
[5], [6], the overhead scales linearly with the channel dimension, rendering it
impractical for massive MIMO systems.

Recent advances in data-driven compression approaches, driven by the progress
in neural network (NN) architectures have gained substantial interest in all
data modalities [16]. Neural data compression is a machine learning technique
that performs the compression task using deep neural networks (DNNs). Cur-
rent research in neural compression is largely driven by the development of
deep generative models such as generative adversarial networks (GANs) [17],
variational autoencoders (VAEs) 18], normalizing flows [19], and autoregres-
sive models [20] for image and video compression. These models have proven
effective in capturing complex data distributions, which is crucial for achieving
high compression rates while maintaining data fidelity.

In the wireless communication domain, the first neural CSI compressor was
introduced in[7], where the authors used a simple convolutional neural network
(CNN) auto-encoder architecture for dimension reduction of a massive MIMO
channel matrix. Later, numerous network architectures and machine learn-
ing techniques have been proposed to further improve the CSI compression
efficiency [8]—[11]. While most works formulated the problem in terms of the
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dimensions of the reduced CSI matrix, the feedback channels must ultimately
convey the CSI matrix in bits, necessitating additional quantization in the
latent space. In [14] and [21], the authors formulated the problem within the
rate-distortion (RD) framework and further enhanced the performance of the
neural CSI compressor by incorporating learned entropy encoding and decod-
ing blocks. They employed a weighted RD loss function to jointly minimize
the mean squared error (MSE) and the average bit-rate overhead, explicitly
quantifying the communication cost of compression in bits per CSI dimension
under a variable-rate compression scheme.

Machine learning models often perform remarkably well on test sets with
a distribution similar to their training data but can fail catastrophically in
deployment when the data distribution shifts. Such shifts can arise from
various factors, including temporal changes, domain variations, or sampling
biases, and pose significant challenges in many real-world applications [22].
Several approaches, such as transfer learning [23], data augmentation [24], and
domain adaptation [25], can be employed to enhance the robustness of machine
learning models against distribution shift and improve their generalization
capabilities. In transfer learning, models trained on generic datasets are fine-
tuned for the target domain. Data augmentation improves generalization by
artificially generating diverse training samples. Domain adaptation, on the
other hand, aligns source and target domain distributions through techniques
such as instance re-weighting or feature alignment.

Distribution shift is a common phenomenon in wireless networks. The
statistics of the underlying wireless channel change due to various factors
such as user mobility, environmental changes, or variations in interference
from other devices. When the channel distribution deviates from initial as-
sumptions or models, the efficiency of algorithms for tasks such as channel
estimation [26], signal detection [27], etc can degrade. Consequently, main-
taining robust communication requires adaptive strategies that can adjust to
these shifts. In the context of CSI compression for FDD massive MIMO sys-
tems, most models in the literature are trained and tested using data from the
same environment, e.g., within a specific macro-cell coverage area. However,
this would require users to either store or download [28] new models for every
new cell they enter, making these approaches infeasible in practice. There-
fore, it is crucial to develop techniques that can overcome the distribution
shift problem in CSI compression.

B5



Paper B

Several works have studied the effect of distribution shift in the CSI com-
pression problem [29]—[35]. In [29], a deep transfer learning method is used to
handle the distribution shift and a model-agnostic meta-learning algorithm
is proposed to reduce the number of CSI samples. A lightweight trans-
lation model and data augmentation method based on domain knowledge
are introduced in [30]. Specifically, to adapt to new channel conditions,
the authors propose an efficient scenario-adaptive CSI feedback architecture,
“CSI-TransNet,” and an efficient deep unfolding-based CSI compression net-
work, “SPTM2-ISTANet+.” A single-encoder-to-multiple-decoders (S-to-M)
approach is presented in [31], where the authors use multi-task learning to
integrate multiple independent autoencoders into a unified architecture fea-
turing a shared encoder and several task-specific decoders.

The authors in [32] proposed online learning schemes based on a vanilla au-
toencoder architecture, exploring various adaptation strategies. In [33], elas-
tic weight consolidation is incorporated to alleviate catastrophic forgetting in
NNs. A federated edge learning (FEEL)-based training framework for massive
MIMO CSI feedback is introduced in [34] to address privacy concerns arising
from transmitting raw CSI datasets during centralized training, and a person-
alization strategy is further developed to enhance feedback performance. In
[35], a gossip learning strategy is adopted, and two data augmentation tech-
niques—random erasing and random phase shift—are employed to improve
generalization capability.

However, we highlight that the communication overhead associated with
model updates is neglected in all the aforementioned prior works. This repre-
sents a significant gap in the literature, as typical DNNs can contain millions
of parameters, and transmitting model updates can result in massive feed-
back overhead. In [34], low-resolution quantization (e.g., 2-bit) is applied to
the model updates; however, the resulting update bit-rate is not accounted
for in the evaluation. To elaborate, the decoder network in [34] includes
approximately 4 million trainable parameters. Even with an aggressive 2-bit
quantization, the resulting communication overhead would be around 8 Mbits,
substantially higher than that is required to transmit the compressed CSI ma-
trix. More precisely, a compressed CSI matrix of size 64x64, using a modest
compression ratio of 16, would only require 4 kbits and 16 kbits for 2-bit
and 32-bit quantization, respectively. Comparing the communication cost for
compressed CSI and model updates illustrates that transmitting model up-
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dates can introduce a prohibitive feedback overhead for FDD massive MIMO
systems.

To bridge this gap, in this paper, we explicitly account for the communica-
tion overhead of model update transmission. We investigate how to efficiently
transmit both the model updates and the latent compressed CSI to obtain the
best overall RD trade-off. The key differences and contributions of this work
are summarized as follows:

e Prior works addressing distribution shifts in neural CSI compression
primarily focus on vanilla autoencoder-based schemes and overlook bit-
level CSI compression as well as the communication cost of transmitting
model updates to the decoder [29]—[35]. In contrast, by incorporating
lossless entropy coding for both the compressed CSI latents and the
model updates, we explicitly quantify the RD trade-off in neural CSI
compression while accounting for the total communication cost, includ-
ing both CSI feedback and model-update signaling.

e To enable efficient entropy coding of model updates, we model the up-
date distribution using a spike-and-slab prior, formulated as a mixture
of narrow (spike) and wide (slab) Gaussian components. By assigning
higher probability mass to the spike component, the proposed prior pro-
motes sparse and selective parameter updates, allowing only the most
impactful weights to be modified. In addition, we incorporate the bit
rate of model updates as a regularization term in the RD loss. Simula-
tion results demonstrate that the combined use of spike-and-slab model-
ing and update-rate regularization is essential for significantly reducing
model-update communication cost while improving overall RD perfor-
mance.

¢ We evaluate the proposed framework across diverse CSI datasets, includ-
ing QuaDriGa [36], 3GPP clustered delay line (CDL) [37], and Deep-
MIMO [38], covering both site-specific and stochastic channel models
and a wide range of wireless environments. We systematically inves-
tigate the impact of the amortized model-update rate over the evalu-
ation horizon, as well as the effects of target-domain dataset size and
model-update quantization. Our results reveal a fundamental trade-off
between the amortized model-update rate and distortion in dynamic
wireless environments, and demonstrate that robust RD performance
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can be achieved using a few hundred CSI samples, with finer model-
update quantization further improving performance.

The remainder of this paper is organized as follows. Section introduces
the backbone neural CSI compressor for an FDD massive MIMO system and
evaluates its performance in the absence of distribution shifts. Section [B.3]
describes the considered CSI datasets and the proposed neural model fine-
tuning framework. Section presents numerical results in terms of the RD
trade-off, along with a complexity analysis. Finally, Section [B.5]|concludes the
paper.

Throughout this paper, the following notation is adopted. Bold upper-
case letters denote matrices, and bold lowercase letters denote vectors. The
transpose operation is represented by the superscript (-)7. The expectation
operator is denoted by E, and || - || represents the norm. The symbols |-], |],
and [-] denote the rounding, floor, and ceiling operations, respectively.

B.2 FDD massive MIMO and Backbone Neural
CSI Compressor

B.2.1 FDD Massive MIMO

We consider an FDD transmission scenario in which a massive MIMO BS
equipped with Ny antennas serves multiple single-antenna users. Downlink
transmission is performed using orthogonal frequency division multiplexing
(OFDM) over N, subcarriers. For each subcarrier m € {1,...,N.}, let
h,, € CV¢ denote the downlink channel vector between the BS and a given
user, w,, € CM the corresponding transmit precoding vector, x,, € C the
transmitted data symbol, and n,, € C the additive noise. The received signal
at the user on subcarrier m is given by

Ym = B W@ + D, (B.1)

The downlink CSI across all subcarriers in the spatial-frequency domain is
represented by the matrix

H = [hy,...,hy, | € CV e, (B.2)
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In massive MIMO systems, the channel matrix is high-dimensional, making
full CSI feedback prohibitively expensive in terms of uplink bandwidth. To
alleviate this bottleneck, CSI compression is commonly employed, whereby
the user compresses the CSI matrix and the BS subsequently reconstructs the
channel matrix. The objective of CSI compression in FDD massive MIMO sys-
tems is to minimize the reconstruction distortion while satisfying a prescribed
feedback bit-rate constraint from the user to the BS.

B.2.2 Backbone Neural CSI Compressor

We consider an autoencoder-based NN architecture that explicitly targets
the RD trade-off in CSI compression. Quantization, entropy encoding, and
entropy decoding are incorporated into the training procedure, enabling op-
timization of both the feedback rate and the reconstruction distortion of the
neural CSI compressor. The proposed compressor is denoted by

c=(fs,90,7), (B.3)

where f, : CNt*Ne — Z represents the feature encoder parameterized by ¢,

g9 : Z — CNexNe denotes the feature decoder, and 7y corresponds to the
entropy coder, jointly parameterized by 8 [16]. For notational simplicity, the
same symbol 6 is used to denote the parameter set of both the feature decoder
and the entropy coder.

The encoder maps each CSI matrix H € CNt*Ne to a latent representation
Z € Z. The latent representation is then quantized and transmitted losslessly
to the receiver using a variable-length entropy code. Let Z = Q(Z) denote
the quantized latent representation, where Q(-) represents the quantization
operation. The entropy encoder converts the quantized latent values into a
bitstream using a lossless coding scheme, given by

bz :Ve(z;pQ)v (B4)

where py denotes the prior probability model of the latent representation.
At the decoder, the entropy decoder is first applied to recover the quan-
tized latent representation from the received bitstream as Z = Yo L(b; pg).
The de-quantization operation is then applied to obtain the continuous latent
representation, denoted by Z = Q~Y(Z). We emphasize that Q~'(-) does
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not represent a true inverse of the quantization function Q(-) and is generally
non-bijective in lossy compression. Both the encoder and decoder employ a
shared entropy coder vy with prior distribution py to ensure the lossless trans-
mission of the quantized latent representation Z. Finally, the feature decoder
reconstructs the CSI matrix from the de-quantized latent representation as

H =g, (z) . (B.5)

Let the distortion function be denoted by p : H x H — [0,00), which
quantifies the reconstruction error between the ground-truth CSI matrix and
its estimate. In practice, the distortion is typically measured using the squared
error, i.e., p(H,H) o ||[H — H||2. Under a lossy compression framework, the
resulting distortion of a compressor ¢ is defined as

D(c) = E[p(H, ﬂ)} . (B.6)

The expectation is taken over the random realization of the channel matrix
H, and without loss of optimality, we restrict our attention to deterministic
codes [39]. Let the bit length associated with encoding a CSI matrix H be
defined as

I(H) := |70(Q(f4(H)))|, (B.7)
and the corresponding average bit rate be defined as
R(c) = E[l(H)], (B.8)

which captures the expected number of bits required to encode the CSI matrix
H. In practice, this rate can be approximated by the entropy of the quantized
latent representation, resulting in

R(c) = E[~log, po(Z)] (B.9)

The objective is to jointly minimize the distortion and the rate with respect
to the encoder, decoder, and latent representations. According to RD theory,
the fundamental limits of lossy compression are characterized by a conditional
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distribution P The RD function is given by

R(D) = inf I(H; H) , (B.10)
P Hp(HH)|<D

where I(H;H) denotes the mutual information between the CSI matrix H
and its reconstruction H. In theory, this optimal rate can be achieved us-
ing vector quantization by jointly compressing many independent realizations
of the channel matrix. However, such schemes become intractable for high-
dimensional CSI and are incompatible with practical systems, where each CSI
matrix must be compressed individually. To address this limitation, we adopt
an operational RD formulation and denote the set of admissible codecs by C:

Ro(D) = inf E[l(H)], (B.11)
c€C: Hp(H,H)|<D

which characterizes the operational RD function over the class of admissible
codecs C. This constrained optimization problem can be equivalently ad-
dressed via a Lagrangian formulation,

L(\¢) = R(c) + AD(c) = E[[(H)] + AE [p(H, ﬂ)} . (B.12)

For any A > 0, minimizing the Lagrangian objective over C yields an optimal
codec c*. The parameter A governs the trade-off between rate and distortion.
Larger values of A prioritize distortion minimization, resulting in operation at
a higher bit-rate regime, whereas smaller values favor stronger compression
at the expense of reconstruction accuracy. By adopting the MSE distortion
measure, the resulting RD loss is expressed as

Lin (6,0) = El-1og, po(Q(f5 (H)))] + AE[|g0 (Q™(Q(/,(HD))) — H| .
(B.13)
Fig. [[] illustrates the encoder—decoder architecture of the proposed neural
CSI compressor, where the input consists of the real and imaginary com-
ponents of the spatial-frequency channel matrix. The encoder function f,
is composed of a sequence of convolutional layers with nonlinear activation
functions that map the high-dimensional massive MIMO CSI matrix H to a
lower-dimensional latent representation. Specifically, the first two layers em-
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Figure 1: The neural CSI compressor architecture.

Decoder / -

ploy convolutional filters with 64 kernels followed by ReLU activation func-
tions, while the final layer uses 2 convolutional kernels with a linear activation.
Max-pooling operations are applied to progressively reduce the spatial dimen-
sions of the input CSI tensor.

After obtaining the low-dimensional latent representation, quantization and
entropy coding are applied to convert the latent space into a bit sequence.
Specifically, a uniform scalar quantizer with unit step size is employed to map
continuous latent values to discrete symbols. Leveraging the latent probability
distribution learned during training, a lossless entropy coding scheme, such as
range coding or context-adaptive binary arithmetic coding (CABAC), is then
used to encode the quantized latent representation, resulting in a variable-
length bitstream.

Incorporating quantization into the compression framework introduces a
challenge for gradient-based optimization, as the quantization operation has
zero derivative almost everywhere. To address this issue, a common relaxation
is adopted whereby quantization is approximated by adding independent and
identically distributed uniform noise, AZ ~ (0, 1), to the latent representa-
tion, yielding Z = Z + AZ. This relaxation provides a differentiable surrogate
and yields an upper bound on the expected number of bits required to encode
the latent space. During inference, the true quantization operation is applied,
and the rate is computed using the actual quantized latent values without
additive noise.
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On the decoder side, the entropy-coded bitstream is first decoded to re-
cover the quantized latent representation, which is then mapped to a low-
dimensional channel representation by the decoding network. The entropy
encoder and decoder share the same latent prior distribution. In our architec-
ture, we adopt a fully factorized prior implemented via the DeepFactorized
model [40], which leverages deep neural networks to learn the latent probabil-
ity distribution under factorization assumptions.

The decoder network, represented by the function gy in Fig. [T} consists of a
stack of convolutional layers with a kernel size of 5x 5, each followed by a ReLLU
activation function. To reconstruct the high-dimensional CSI matrix from the
low-dimensional entropy-decoded representation, an upsampling operation is
applied to progressively restore the spatial resolution.

B.3 Neural CSI Compression Fine-Tuning

A fundamental challenge in learning-based methods is handling distribution
shifts. When model capacity is limited or training data is insufficient, such
shifts can cause significant performance degradation, thereby limiting real-
world effectiveness. This issue is particularly critical in applications such
as neural CSI compression for wireless communication systems, where the
operating environment is inherently dynamic.

B.3.1 Evaluation of The Backbone Neural CSI Compressor

To assess the performance of the trained neural CSI compressor, we employ
the DeepMIMO dataset, which constructs MIMO channel realizations using
ray-tracing simulations generated by Remcom Wireless InSite [41]. Specifi-
cally, the neural CSI compressor is trained using the static outdoor scenario
referred to as O1 at a carrier frequency of 28 GHz. The detailed parameter
configuration for this dataset is summarized in Table [T}

A total of 11,920 CSI realizations are generated and partitioned into train-
ing, validation, and test sets using a 40%, 40%, and 20% split, respectively.
Training is conducted using the RD loss function defined in , with the
objective of jointly optimizing the encoder and decoder parameters as well
as the factorized probability model used for entropy coding. The backbone
neural CSI compressor is implemented in Python 3.9 using the TensorFlow
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Table 1: DeepMIMO dataset parameters
DeepMIMO parameters Value

Scenario 01

Center frequency 28 GHz

Number of paths 10

Active users from row 1100 to 2200
Active BS number BS 5

Bandwidth 50 MHz

Number of OFDM subcarriers 64

BS antennas N, =1, N, =64, N, =1
UE antennas N,=1,N, =1, N, =1

framework. Network parameters are optimized using the Adam optimizer with
a learning rate of 1073 and a batch size of 32 over 200 training epochs.

We assess the performance of the neural CSI compressor in terms of the RD
trade-off achieved, where the distortion is measured as the normalized mean
squared error (NMSE), defined as

(B.14)

NMSE 2 E [H_ﬂ”ﬂ

[H]?

where H and H denote the true and reconstructed channel matrices, respec-
tively. The bit rate of the entropy-coded latent representation is estimated
using and normalized by the CSI dimensionality, i.e., 64 x 64.

The RD curves in Fig. 2]illustrate the performance of the trained neural CSI
compressor for different values of A\, where each operating point corresponds
to A €5 x 10%,10°%,5 x 10%,108. The results confirm that the proposed neural
CSI compressor achieves strong RD performance when evaluated on previously
unseen CSI realizations drawn from the same propagation environment.

B.3.2 Evaluation Under Distribution Shifts

To analyze the impact of distribution shifts, we evaluate the trained neural
CSI compressor in propagation environments that differ significantly from the
training domain. Specifically, we consider multiple distinct datasets, namely
QuaDRiGa [36], 3GPP CDL [37], and DeepMIMO |[38] (under a different sce-
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Figure 2: RD performance of the backbone neural CSI compressor.

nario), to assess the resulting RD performance. In the following, we describe
the key parameter configurations and channel characteristics of these datasets.

QuaDRiGa Dataset QuaDRiGa is a geometry-based stochastic spatial chan-
nel model that captures spatial consistency and realistic multipath evolution
in three-dimensional propagation environments. Using the QuaDRiGa chan-
nel generator, we simulate an urban massive MIMO deployment with a BS
equipped with 64 antenna elements and operating over 64 OFDM subcarri-
ers. The BS is placed on a rooftop, while a mobile user traverses a linear
track of length 350 m. The underlying three-dimensional propagation envi-
ronment is based on the Madrid grid developed within the METIS project,
enabling realistic modeling of spatial channel evolution and path dynamics
along the user trajectory. The simulation layout is illustrated in Fig. 3| and
the corresponding dataset parameters are summarized in Table 2}

3GPP CDL Dataset To further evaluate the performance of the proposed
neural CSI compression framework under controlled and standardized channel
conditions, we generate a dataset based on the 3GPP CDL channel model
defined in TR 38.901. Specifically, we consider the CDL-B delay profile under
an urban macrocell (UMa) scenario with a user velocity of 30 km/h. The CDL
model characterizes time-varying multipath propagation through a finite set
of clusters with fixed angular statistics, while temporal channel evolution is
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Figure 3: Simulation layout of QuaDRiGa dataset [36].

Table 2: Simulation parameters of the QuaDRiGa dataset.

Parameter Value

Carrier frequency 3.7 GHz
Bandwidth 50 MHz

Number of OFDM subcarriers 64

Number of BS antennas 64

Number of UE antennas 1

Initial user position (15, 415, 1.2)

BS position (267, 267, 60)

BS orientation 7/2 (facing north)
Spatial sampling density 29.6 samples/m

primarily governed by Doppler effects induced by user mobility. In our setup,
the BS is equipped with 64 transmit antennas, and the user employs a single
receive antenna. The system operates at a carrier frequency of 28 GHz using
an OFDM numerology with a subcarrier spacing of 30 kHz. The detailed
simulation parameters for this dataset are summarized in Table

DeepMIMO Dataset For the DeepMIMO dataset, we consider another site-
specific, ray-tracing-based channel model referred to as O2 Dynamic. In this
setting, CSI realizations are generated across a sequence of discrete scenes
with a sampling interval of 100 ms. The top view of the scenario, shown in
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Table 3: Simulation parameters for the 3GPP CDL dataset.

Parameter Value
Delay profile CDL-B
Carrier frequency 28 GHz
User velocity 30 km/h
Delay spread 200 ns
Number of BS antennas 64
Number of UE antennas 1
OFDM subcarrier spacing 30 kHz
Number of resource blocks 25
Number of selected subcarriers 64
CSI sample stride 5 OFDM symbols
Number of CSI samples 5,000

Figure 4: The top view of the O2 Dynamic scenario .

Fig.[] consists of three streets and two intersections in an urban environment.
Across the 1,000 captured scenes, vehicular users change positions while the
underlying propagation geometry remains fixed, resulting in quasi-stationary
channel statistics within each scene. The dataset includes two BSs and ap-
proximately 115,000 candidate user locations, enabling large-scale and diverse
CSI generation under realistic site-specific conditions. The detailed simulation
parameters for this scenario are summarized in Table [4]

To evaluate the generalization capability of the trained neural CSI compres-
sor in previously unseen environments, we assess its RD performance in Fig.
The model is tested on the aforementioned datasets without any fine-tuning.
As shown in the figure, the trained compressor exhibits a severe performance
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Table 4: Simulation parameters of the DeepMIMO dataset (O2 Dynamic scenario).

Parameter Value

Scenario 02 Dynamic

Carrier frequency 3.5 GHz

Bandwidth 50 MHz

Number of OFDM subcarriers 64

Number of multipath components 10

Active user rows 1-31

Scene index 1

Active BS BS1

BS antenna configuration N,=1, N, =64, N, =1
UE antenna configuration N,=1, Ny,=1, N, =1

degradation under distribution shifts, failing to cope with the new channel
statistics. These results clearly demonstrate the limitations of direct model
reuse and underscore the necessity of an effective model fine-tuning strategy
for neural CSI compression in massive MIMO systems.

B.3.3 Neural Model Fine-Tuning

A trained model can be fine-tuned to new channel statistics by exposing it
to data samples from the target environment. In the context of neural CSI
compression, model fine-tuning corresponds to updating the backbone network
parameters, namely ¢g and 6, for the encoder and decoder, respectively, which
were initially trained on a generic dataset. Fine-tuning the backbone neural
CSI compressor using CSI samples from a new domain yields updated encoder
and decoder parameters, denoted by ¢ and 6, respectively. Since the encoder is
assumed to be fixed at the transmitter, only the updated decoder parameters
need to be conveyed in the bitstream.

We consider a full-model fine-tuning, where both the encoder and decoder
networks are fine-tuned while explicitly accounting for the additional commu-
nication overhead associated with conveying decoder model updates from the
transmitter to the receiver. Specifically, the decoder model updates, defined
as 6 2 0 — 6y, are encoded jointly with the latent representation z. To encode
the decoder model update vector, it is first quantized. Unlike the unit-bin
quantization applied to the latent space, a higher-resolution quantization is
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Figure 5: Evaluation of the backbone neural CSI compressor using QuaDRiGa,
CDL, and DeepMIMO datasets.

employed for the model updates, since their values typically vary only slightly,
depending on the learning rate. In particular, N equispaced bins of width ¢
are used, and the quantization function for the model updates is defined as
follows [42]:

5:@4@:uﬁp(ﬁwu—uvglﬁfN;‘”>, (B.15)

where clipping and rounding operations are defined as:

Tmin, if x < Tmin
Cllp($7 Lmin, xmax) =5\, if Tmin < T < Tmax (B16)

Tmax, if T > Tmax,

)z, ifz—|z] <05,
m_{m,ﬁm{ﬂzw. (B.17)

Since both rounding and clipping are non-differentiable operations, they ob-
struct gradient-based training of the neural CSI compressor. To address this
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issue, a commonly used technique known as the straight-through estimator
(STE) is employed [43], where the gradient of the quantization function is ap-
proximated as 9Q;(0)/35 = 1. Here, the quantization bin width is controlled
by t, and N denotes the number of quantization bins.

Let § = Q+(0) denote the quantized model update. The discrete model
prior p[] is obtained by pushing forward the continuous prior p(8) through
the quantization function @, yielding

ol = | RO

_ [“ﬂp(é) is (B.18)
4

—t/2
=P <0+1/2) =P <6—1t/2).

Thus, p[g] represents the probability mass assigned to the quantization bin
centered at 6. It is computed as the difference between the cumulative distri-
bution function (CDF) values of p(d) evaluated at the bin boundaries.

After quantization, an appropriate model prior p(§) must be selected to
enable efficient entropy coding of the discrete model updates. Various distri-
butions can be used to model this prior, such as a zero-mean Gaussian, i.e.,
p(0) = N(0,0I). However, a key limitation of a Gaussian prior is its relatively
high coding cost for zero updates. As a result, even when no effective update
is applied, encoding such updates can still incur a non-negligible bit rate.

To address this inefficiency, a spike-and-slab prior is adopted [44], defined

as
(5) — DPslab (6) + apspike(5)

B.1
P 1+a ’ (B.19)
where
Pstan(8) = N'(6 | 0,0°T) (B.20)
denotes the slab component, and
Pspike(0) = N(8 | 0, (/6)*I) (B.21)

denotes the spike component.
The resulting prior p(d) is a mixture of Gaussian distributions, where o €
R+ controls the relative weight of the spike component. The parameters ¢
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Algorithm B.1 Full-Model Fine-Tuning — Encoding
Input: Global model parameters {6, ¢o} trained on a generic dataset; batch
size B; CSI samples from a new environment H = {Hr, Hg}.
Output: Compressed bitstream b = (bj,b,).

1: Initialize ¢ < ¢q, 6 + 6y

2: for epoch = 1 to num_ epochs do

3:  for each mini-batch B C Hr with |B| = B do

4: Load data H € B

5: Compute § + 0 — 6y, quantize 6 + Q;(8), and set 8 < 0y + &

6

7

8

9

Encode features Z + f,(H) and quantize Z < Z + AZ
Decode H + gy(Z)
Compute loss Lrpm(¢, 6)
Backpropagate with STE and update ¢,0 wusing gradients
Ve.0Lrom (¢, 6)
10:  end for
11: end for
12: Fine-tuned parameters: ¢* < ¢, 0* < 0
13: For evaluation set Hg: compute Z + Q(f4(H))
14: Quantize tuned parameters: § Q+(0* — 6y), 0 0y+0
15: Entropy encode: by < v(8;p(5)), b, v4(Z; pg)
16: Return b = (b3,0,)

and o, with ¢ > t/6, correspond to the standard deviations of the spike and
slab distributions, respectively. By setting the standard deviation of the spike
component to t/6, approximately 99.7% of its probability mass lies within
the central quantization bin after quantization. Consequently, selecting a
sufficiently large value of « significantly reduces the bit-rate cost associated
with zero updates and encourages the model to learn only the most informative
parameter updates. This prior effectively promotes sparsity in the model
updates while maintaining flexibility for larger, informative deviations.

The bit-rate cost associated with the quantized model updates ¢, under the

discrete prior p[d], is given by
M = —log, p[d]. (B.22)

Following common practice, this discrete cost is approximated during training
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Algorithm B.2 Full-Model Fine-Tuning — Decoding

Input: Global parameters y trained on a generic dataset; model prior p(d);
bitstream b = (b3, b,).

Output: Decompressed CSI matrix H.

Entropy decode § < v~ (bs; p(6)) - ~

Compute updated decoder parameters 6 < 0y + &

Entropy decode latent Z « 5 b, Pg)

De-quantize and decode: H Q™ (95(Z))
Return H

by its continuous counterpart [42],
M = —log, p(9). (B.23)

To regularize the bit-rate cost of model updates during full-model fine-
tuning, the update cost is incorporated into the RD objective in (B.13) as

Lrpm(9,0) = Lrp(¢, 0) — log, p(6), (B.24)

By optimizing this objective during full-model fine-tuning, the network
learns to balance the achievable RD gain against the bit-rate cost required
to transmit the decoder model updates. Model fine-tuning is performed us-
ing CSI samples collected in the target environment, denoted by Hr. For
evaluation, the fine-tuned model is applied to CSI samples acquired after the
fine-tuning phase, denoted by Hg. The encoding and decoding procedures for
full-model fine-tuning are summarized in Algorithms ?? and 77, respectively.

B.4 Performance Evaluation

In this section, we evaluate the effectiveness of different model-fine-tuning
schemes applied to the backbone neural CSI compressor in target environ-
ments with shifted channel statistics, along with the associated computational
cost of model fine-tuning. We consider the following neural CSI compression
fine-tuning schemes:

e Pretrained: denotes applying the pretrained neural CSI compressor
directly in the target environment without any model fine-tuning.
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e EO: corresponds to the encoder-only fine-tuning scheme. Encoder pa-
rameters are updated using CSI samples from the target environment,
while the decoder remains fixed. This enables partial specialization of
the pretrained model to the target environment without requiring any
additional feedback. Results are reported for models trained at different
values of \.

o FM: refers to the full-model fine-tuning scheme, where both encoder and
decoder parameters are updated. The spike-and-slab prior parameters
are set to t = 0.005, N = 50, and o = 0.05. Only the low-bit-rate neural
CSI compressor trained at A = 5 x 10* is fine-tuned. The reported
rate for this scheme represents the total rate, i.e., the sum of the latent
bit-rate and the amortized model-update bit-rate. Minor parameter
adjustments are made to achieve the best performance.

« FM1: Motivated by the observation that earlier layers of DNNs capture
more general features, whereas later layers encode finer, task-specific
details [45], model fine-tuning is restricted to the final convolutional layer
of the decoder network to reduce the bit-rate cost of model updates.
Accordingly, FM1 denotes a partial full-model fine-tuning scheme in
which only the final convolutional layer of the decoder is updated, while
all other layers remain fixed. The same update parameters as in the FM
scheme are used.

e FM1-UP: is identical to FM1, except that a uniform prior is used for the
model updates instead of the spike-and-slab prior, as originally proposed
in our initial work [46]. Since only a single decoder layer is updated,
resulting in a smaller number of model update parameters compared
to FM, the uniform prior imposes weaker sparsity constraints and may
therefore better accommodate a larger number of effective updates.

e FM-2bit: represents the full-model fine-tuning scheme with coarse
quantization using four quantization bins (2-bit quantization). Prior
results in [34], based on a federated edge learning framework, suggest
that the impact of coarse quantization noise can be mitigated in the
downlink stream. Motivated by this observation, the FM scheme is
evaluated under this coarse quantization setting.

B23



Paper B

e GA: denotes a genie-aided scheme, in which the decoder is assumed
to have perfect knowledge of the model updates without any feedback
overhead. This scheme provides a lower bound on the achievable perfor-
mance of neural CSI compression under distribution shifts. Similar to
FM, only the low-bit-rate trained neural CSI compressor is used. The
approaches in [29], [32] can be interpreted as instances of this genie-
aided setting, as they update a vanilla autoencoder without accounting
for the communication overhead of model-update feedback.

e TM: corresponds to the translation-module-based scheme proposed in
[30]. Inspired by image-to-image translation in computer vision, this
approach maps input CSI to the target domain using a convolutional
translation module at the encoder and a retranslation module at the de-
coder. The same network architecture and sparsity-alignment function
as in |30] are employed. Similar to the encoder-only fine-tuning, mod-
els trained at different values of A\ are used. To provide a lower-bound
rate, the communication overhead required to convey the retranslation
module parameters to the decoder is also ignored.

B.4.1 RD Numerical Results

In this subsection, we present the RD results of the different fine-tuning
schemes for neural CSI compression. The schemes are evaluated using the
QuaDRiGa, 3GPP CDL, and DeepMIMO datasets introduced in Section
Fine-tuning is carried out using 100 CSI samples from the target domain with
a batch size of 50 over 100 epochs.

Fig. [6] compares the RD performance of different fine-tuning schemes across
the QuaDRiGa, 3GPP CDL, and DeepMIMO datasets. From the figure, it
can be observed that the gains achieved by EO remain limited compared to
schemes that permit decoder-side updates. This confirms that encoder-only
fine-tuning can only partially compensate for distribution shifts, while the
decoder remains mismatched to the target environment, thereby highlighting
the importance of full-model fine-tuning. Moreover, the TM scheme, which
relies on translation and retranslation modules without fine-tuning the back-
bone network, does not provide noticeable RD gains, and its performance
remains largely comparable to that of the pretrained model. On the other
hand, full-model fine-tuning yields substantial RD improvements across all
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Figure 6: RD results of different fine-tuning schemes evaluated on multiple datasets.

datasets, demonstrating the benefit of jointly updating the encoder and de-
coder parameters. Notably, the reported rates for FM include both the latent
bit-rate and the amortized model-update bit-rate, indicating that these im-
provements are achieved despite explicitly accounting for the communication
overhead associated with decoder updates.

The partial full-model fine-tuning scheme (FM1 and FM1-UP), which re-
stricts updating to the final convolutional layer of the decoder, underper-
forms full FM but outperforms EO and TM. This confirms that fine-tuning
only high-level, task-specific layers is insufficient to fully capture environment-
specific channel characteristics compared to full-model fine-tuning; neverthe-
less, it still provides an RD improvement relative to schemes in which the
decoder remains unchanged. Furthermore, a comparison between FM1 and
FM1-UP highlights that when only a single decoder layer is updated, weaker
sparsity constraints on the model updates can be afforded, and the resulting
RD performance is comparable to that achieved by FM1 with the spike-and-
slab prior.

A comparison between FM and FM-2bits suggests that employing finer
quantization for model updates improves RD performance. This observation
contrasts with the results reported in and can primarily be attributed
to differences in the system setup. In particular, considers a multi-user
scenario with a federated learning framework, where quantization noise intro-
duced by individual users can be partially compensated through aggregation,
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Figure 7: RD trade-off of full-model fine-tuning across different evaluation horizons.
Point annotations indicate distance (m) for QuaDRiGa, channel evolution time at
120 km/h for the CDL model, and captured scene duration for DeepMIMO.

whereas such compensation is not present in our considered single-model fine-
tuning setting.

Finally, the genie-aided scheme (GA) consistently provides the best RD
performance and serves as a lower bound, as it assumes perfect decoder-side
knowledge of model updates without any feedback overhead. The performance
gap between GA and FM quantifies the cost of explicitly accounting for model-
update transmission and underscores the efficiency of the proposed RDM-
based full-model fine-tuning framework.

Fig. [7] illustrates the RD performance across evolving CSI samples in the
QuaDRiGa, 3GPP CDL, and DeepMIMO datasets. Each operating point cor-
responds to a different evaluation horizon, defined as the duration over which
an updated model is reused before the CSI distribution changes sufficiently to
require further updates. The total feedback rate accounts for both the com-
pressed CSI and the amortized communication cost of model updates over the
evaluation horizon.

In the QuaDRiGa dataset, channel evolution is driven by user mobility
along a 350 m linear track in a realistic three-dimensional urban environment,
where propagation paths may appear and disappear as the user moves. This
leads to pronounced structural changes in the CSI distribution over distance.
Consequently, increasing the evaluation horizon results in a noticeable degra-
dation in reconstruction quality unless model updates are transmitted more
frequently. This behavior manifests as a clear trade-off between the amortized
model-update rate and distortion, highlighting the limited validity period of
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Figure 8: Ablation results for full-model scheme, highlighting the role of the spike-
and-slab prior and the model-update regularizer in controlling the model-update
rate.

fine-tuned models in highly nonstationary propagation environments.

In contrast, the 3GPP CDL dataset exhibits smooth temporal channel evo-
lution dominated by Doppler effects, with a fixed propagation geometry and
no abrupt path changes. As a result, the updated model remains effective
over longer time spans, and the RD performance improves as the amortized
model-update rate decreases with longer evaluation horizons. It is worth not-
ing that, in this experiment, the user velocity is increased to 120 km/h and
a rural macro-cell (RMa) delay profile is employed in order to accelerate CSI
variations and create a more challenging evaluation scenario. Similarly, in
the DeepMIMO O2 Dynamic scenario, CSI realizations are collected across
discrete scenes in a site-specific urban layout with fixed geometry within
each scene. Although the user environment varies across scenes, the under-
lying propagation characteristics remain largely unchanged, leading to quasi-
stationary CSI statistics. As a result, the fine-tuned model can be reused over
long evaluation horizons with limited degradation in distortion performance.

Fig. [8] presents an ablation study that examines the impact of the model-
update prior and the update-rate regularizer on full-model fine-tuning. The
scheme denoted as FM-SSP corresponds to full-model fine-tuning with a spike-
and-slab prior on the model updates, whereas FM-UP employs a uniform prior.
The variant FM w/o reg. removes the model-update regularizer from the
RD loss, thereby allowing unrestricted model updates. For clarity, SSP and
UP refer to the spike-and-slab and uniform priors, respectively. To analyze
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Table 5: Impact of model-update quantization resolution on RD performance.

.. QuaDRiGa 3GPP CDL
Quantization
Rate NMSE (dB) | Rate NMSE (dB)

1 bit 0.25 -5.73 0.232 -7.88
2 bit 0.34 -8.81 0.308 -12.52
3 bit 0.33 -12.05 0.300 -16.59
4 bit 0.32 -13.70 0.287 -17.56
5 bit 0.30 -13.89 0.277 -17.59
6 bit 0.30 -13.89 0.276 -17.59
7 bit 0.30 -13.89 0.276 -17.59

the rate behavior in detail, the total feedback rate is decomposed into its
components. The terms T-SSP and T-UP denote the total rate, including
both the latent bit-rate and the amortized model-update rate, when using
the spike-and-slab and uniform priors, respectively. In contrast, M-SSP and
M-UP represent only the model-update rate associated with each prior.

The results in Fig. [§] lead to several conclusions regarding full-model fine-
tuning. First, incorporating the model-update regularizer in the RD loss is
essential for controlling the bit-rate cost of model updates. When the reg-
ularizer is removed (FM w/o reg.), the model-update rate increases rapidly,
resulting in a substantially higher total rate without corresponding RD gains.
This demonstrates that unconstrained full-model fine-tuning can lead to an
excessive increase in model-update bit rate.

Second, the choice of prior has a pronounced impact on the sparsity and rate
of model updates. The spike-and-slab prior consistently yields fewer nonzero
updates and a lower model-update rate compared to the uniform prior, while
achieving strong RD performance. This confirms that explicitly promoting
sparsity in the model updates is critical for reducing the feedback overhead
associated with model fine-tuning.

Table [5| reports the RD performance of the full-model scheme under differ-
ent quantization resolutions for model updates, evaluated on the QuaDRiGa
and CDL datasets. The results indicate that low-resolution quantization (be-
low 3 bits) leads to substantial RD degradation. In contrast, increasing the
quantization resolution beyond 4 bits does not yield any noticeable RD im-

B28



B.J Performance Evaluation

Table 6: RD performance for different dataset size for full-model fine-tuning.

) QuaDRiGa 3GPP CDL
Dataset Size
Rate NMSE (dB) | Rate NMSE (dB)

1 0.248 -7.03 0.241 -10.48

10 0.286 -10.38 0.267 -15.09

50 0.299 -11.79 0.269 -15.26

100 0.297 -13.89 0.275 -17.64

200 0.305 -14.63 0.288 -18.86

300 0.316 -13.96 0.302 -19.98

500 0.325 -10.39 0.330 -20.75

provement, suggesting diminishing returns from high-resolution quantization.
Overall, moderate-resolution quantization is sufficient to achieve good com-
pression performance.

The results in Table [f] illustrate the impact of the dataset size on the RD
performance of the full-model fine-tuning scheme. The results indicate that
increasing the number of CSI samples used for fine-tuning initially leads to
clear improvements in RD performance. However, beyond a certain dataset
size, further increasing the number of training samples yields only marginal
performance gains, suggesting that a few hundred CSI samples are sufficient
for effective full-model fine-tuning. In the QuaDRiGa dataset, using a larger
number of CSI samples (e.g., 300-500 samples) leads to a degradation in
NMSE performance. This behavior is attributed to the increased heterogene-
ity of the fine-tuning data, as larger training sets include more diverse channel
geometries and spatial conditions. As a result, the fine-tuned model becomes
less locally specialized, which is suboptimal for the fixed evaluation horizon
considered in this study.

Table [7] evaluates the sensitivity of the spike-and-slab prior hyperparam-
eters (o, 0,t) on RD performance for QuaDRiGa dataset. We vary one hy-
perparameter at a time while keeping the others fixed, as indicated in each
block. From the t-sweep, we observe that extremely small values of ¢ lead
to overly strong shrinkage toward zero, which destabilizes the update dis-
tribution and results in increased rate and degraded NMSE. In this regime,
moderate-magnitude updates are excessively penalized and are inefficiently
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Table 7: Sensitivity analysis of the spike-and-slab prior hyperparameters.
a | o | t |Rate|NMSE (dB)
t sweep (=100, 0=0.05)
100 | 0.05 | 0.0005 | 0.577 -9.60
100 | 0.05 | 0.001 | 0.346 -12.90
100 | 0.05 | 0.005 | 0.314 -13.59
100 | 0.05 | 0.01 |0.275 -13.17
100 | 0.05 | 0.05 |0.225 -6.25
o sweep (=100, t=0.005)
100 | 0.005 | 0.005 | NaN NaN
100 | 0.01 | 0.005 | inf -13.71
100 | 0.05 | 0.005 |0.314 -13.59
100 0.1 | 0.005 |0.317 -13.68
100 0.5 | 0.005 |0.320 -13.53
100 1 0.005 | 0.319 -13.58
a sweep (0=0.005, t=0.05)
0.1 [0.005| 0.05 |0.506 -13.50
1 0.005| 0.05 |0.363 -13.79
10 |0.005| 0.05 |0.315 -13.73
100 | 0.005| 0.05 |0.314 -13.59
1000 | 0.005| 0.05 |0.320 -13.55
10000 | 0.005 | 0.05 |0.322 -13.54

encoded through the slab component. On the other hand, excessively large
t weakens the sparsity-inducing effect of the spike component, reducing the
separation between near-zero and significant updates and degrading the RD
performance. A broad stable region is observed for ¢ € [1073,1072], where
the RD trade-off is well balanced.

For the o-sweep, very small slab variances lead to numerical instability,
as the slab component becomes excessively narrow and cannot accommodate
moderate update magnitudes. This results in unstable entropy estimates and
unreliable coding behavior. In contrast, for ¢ > 0.05, the RD performance
remains stable, with only minor variations across more than one order of mag-
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nitude, indicating that the method is not sensitive to the precise choice of slab
scale within this range. Finally, the a-sweep shows that « primarily governs
the balance between the spike and slab components, thereby controlling the
effective sparsity level of the updates. Across a wide range (a € [1,10%]),
the RD trade-off exhibits only modest variation, with diminishing changes for
large a.

B.4.2 Computational Complexity

We analyze the computational cost of the proposed full-model fine-tuning by
explicitly accounting for the number of floating-point operations (FLOPS) re-
quired by the neural CSI compressor considered in this work. The training
complexity of model fine-tuning naturally depends on the chosen backbone ar-
chitecture, with simpler or more complex networks incurring lower or higher
computational costs, respectively. In this study, the backbone neural CSI com-
pressor consists of stacked 5 x 5 convolutional and transposed convolutional
layers operating on CSI tensors of spatial resolution 64 x 64.

For a 2D convolution producing an output tensor of size H X W x Coyt with
kernel size k x k and Cj, input channels, the number of multiply—accumulate
operations (MACs) is given by HW Cout (k%Cin), where one MAC is counted
as two FLOPs. Summing the contributions of all convolutional layers, a sin-
gle forward pass through the encoder—decoder architecture requires approxi-
mately 0.48 GFLOPs per CSI sample. To account for backpropagation and
gradient computation during fine-tuning, we adopt a standard approximation
whereby the total training cost is three times the forward-pass complexity,
resulting in approximately 1.43 GFLOPs per CSI sample per fine-tuning iter-
ation.

The on-device update is performed using Np = 100 CSI samples, a batch
size of B = 50, and F = 100 epochs, corresponding to two optimization steps
per epoch and 200 steps in total. Under these settings, the total fine-tuning
cost is given by

FLOPSota1 ~ 1.43 x Ny x E ~ 14.25 TFLOPs. (B.25)

The expected fine-tuning latency can be approximated as T' & FLOPSs;ota1/7,
where 7 denotes the effective sustained throughput of the mobile processor
in TFLOPs/s [47]. For typical mobile devices, n may range from 0.1 to
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1 TFLOPs/s depending on the available hardware acceleration and numer-
ical precision, resulting in fine-tuning latencies on the order of several tens of
seconds.

The corresponding energy consumption scales linearly with the total num-
ber of operations and can be expressed as F ~ FLOPs;ota1€r,0p, Where epp,op
denotes the energy consumed per floating-point operation. For representative
values of eprop between 10 and 100 pJ/FLOP [47], the total energy cost of
fine-tuning lies in the range of 0.04-0.4 Wh, corresponding to a small frac-
tion of a typical smartphone battery capacity. In practical deployments, the
fine-tuning will be executed as a background process and invoked only occa-
sionally, e.g., when significant distribution shifts are detected. As a result, the
fine-tuning cost can be amortized over time and is unlikely to interfere with
latency-critical operations.

B.5 Conclusion

A major limitation of neural compression approaches is their significant per-
formance degradation when channel statistics change, which is a natural phe-
nomenon in wireless environments. To address this distribution shift problem,
we proposed a fine-tuning scheme for neural CSI compression that explicitly
accounts for the communication overhead associated with transmitting model
updates. Lossless entropy coding is applied to both latent representations and
model updates, and a spike-and-slab prior is adopted to promote sparse and
efficient parameter updates. Furthermore, the bit-rate of model updates is
incorporated into the fine-tuning process through a regularized RD loss func-
tion. We conducted simulations across a wide range of wireless CSI datasets,
covering both site-specific and stochastic channel models. The results demon-
strate that full-model fine-tuning is essential for effectively adapting the neural
CSI compressor to varying environments.

We further evaluated full-model fine-tuning under different evaluation hori-
zons, quantization resolutions, and fine-tuning sample sizes. The results show
that in environments with rapidly varying CSI statistics, applying fine-tuned
models over excessively long horizons can lead to noticeable RD degrada-
tion. In addition, using highly diverse CSI samples for fine-tuning may reduce
model specialization within a localized operating region. We also observe that
moderate quantization resolutions, on the order of 4-5 bits, are sufficient to
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achieve strong RD performance. As a future direction, this work can be ex-

tended toward fully online learning of neural CSI compression. In this setting,

the encoder would dynamically adapt its parameters in response to evolving
CSI statistics.
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C.1 Introduction

Abstract

Acquiring accurate channel state information (CSI) is criti-
cal for reliable and efficient wireless communication, but chal-
lenges such as high pilot overhead and channel aging hin-
der timely and accurate CSI acquisition. CSI prediction,
which forecasts future CSI from historical observations, of-
fers a promising solution. Recent deep learning approaches,
including recurrent neural networks and Transformers, have
achieved notable success but typically learn deterministic map-
pings, limiting their ability to capture the stochastic and mul-
timodal nature of wireless channels. In this paper, we intro-
duce a novel probabilistic framework for CSI prediction based
on diffusion models, offering a flexible design that supports in-
tegration of diverse prediction schemes. We decompose the
CSI prediction task into two components: a temporal en-
coder, which extracts channel dynamics, and a diffusion-based
generator, which produces future CSI samples. We investi-
gate two inference schemes—autoregressive and sequence-to-
sequence—and explore multiple diffusion backbones, includ-
ing U-Net and Transformer-based architectures. Furthermore,
we examine a diffusion-based approach without an explicit
temporal encoder and utilize the DDIM scheduling to reduce
model complexity. Extensive simulations demonstrate that
our diffusion-based models significantly outperform state-of-
the-art baselines.

C.1 Introduction

Multiple-input multiple-output (MIMO) technology plays a pivotal role in
advanced wireless communications. To fully exploit the benefits of MIMO
systems, accurate acquisition of channel state information (CSI) is essential
for designing efficient precoding and combining algorithms. However, CSI ac-
quisition is challenged by high overhead, channel aging, and significant com-
putational complexity. To address these issues, a variety of algorithms have
been proposed to obtain CSI with reduced overhead and complexity [1]-[5].
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CSI prediction refers to the task of forecasting future CSI based on historical
observations. Various classical approaches have been proposed, including lin-
ear extrapolation [6], Kalman filtering [7], sum-of-sinusoids models [8], Gaus-
sian processes |9], predictor antenna [10], and autoregressive (AR) models [11].
However, the underlying statistics of wireless channels are inherently complex
and difficult to model accurately, making reliable CSI prediction particularly
challenging. As a result, traditional methods often fail to deliver satisfactory
performance, especially under highly dynamic channel conditions.

Deep neural networks (DNNs) have been increasingly adopted in wireless
communication tasks. Motivated by their significant success in time-series
forecasting problems [12]-[16], the use of DNNs for CSI prediction has at-
tracted growing research interest |17]—[31]. Various neural network (NN) ar-
chitectures have been explored to capture the temporal dynamics of CSI,
including recurrent neural networks (RNNs), such as long short-term mem-
ory (LSTM) and gated recurrent units (GRUs), as well as Transformer-based
models. RNN-based architectures have been successfully employed for CSI
prediction in [20], [21], [24], while Transformer-based approaches have been
investigated in [25], [26], showing superior performance in modeling long-range
temporal dependencies.

Accurately predicting CSI is a fundamentally challenging problem due to
the highly stochastic nature of wireless channels and their complex underlying
distributions. Future channel states are influenced by a wide range of factors,
including multipath fading, user mobility, and environmental dynamics, which
together lead to significant uncertainty in CSI evolution. Deep learning models
such as RNNs and Transformers have shown promising results for time-series
forecasting, but they primarily learn a deterministic mapping from historical
CSI to future CSI. This approach often fails to capture the inherent ran-
domness and multimodality of wireless channel evolution. In contrast, recent
advances in generative artificial intelligence (AI) have enabled the develop-
ment of models that learn the full underlying probability distribution of data.
Among these, diffusion models [32] have achieved state-of-the-art performance
in high-dimensional data generation tasks across various modalities. By mod-
eling CSI prediction as a probabilistic generative process, diffusion models can
naturally account for uncertainty in channel evolution while learning the joint
spatiotemporal structure of CSI sequences.

Motivated by the success of recent advances of diffusion models in modeling
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complex data distributions and the limitations of RNN- and Transformer-
based approaches in CSI prediction, this paper explores the application of
diffusion models to the CSI prediction problem. The main contributions of
this work are summarized as follows:

¢ We propose, for the first time, a diffusion-based framework for CSI pre-
diction. The framework offers a flexible design that enables seamless
integration of diverse CSI prediction models. We formulate the CSI
prediction task as two components: temporal encoding and generative
sampling. The temporal encoder extracts latent representations of the
channel dynamics, while the diffusion generator produces the next CSI
frame conditioned on these latent features.

o We explore two inference schemes: AR and sequence-to-sequence (seq2seq).
The AR strategy recursively predicts future CSI frames, enabling a sin-
gle trained model to flexibly adapt to arbitrary context lengths and
prediction horizons. In contrast, the seq2seq scheme enables parallel
prediction of multiple future CSI frames in a single pass, albeit with
reduced flexibility in handling variable context lengths and prediction
horizons.

e To reduce complexity for real-time applications, we investigate a sim-
plified design in which the diffusion model directly learns temporal and
spatial dependencies without an explicit temporal encoder. Further-
more, to enhance sampling efficiency and stability, we adopt the de-
noising diffusion implicit model (DDIM) [33] scheduling technique. Our
experiments show that as few as three sampling steps are sufficient to
achieve competitive performance.

o We evaluate multiple generator backbones, including U-Net [34], 3D
U-Net [35], and diffusion Transformer (DiT) [36], in combination with
temporal encoders such as ConvLSTM [37] and LinFormer [26]. Exten-
sive simulation results show that our diffusion-based models significantly
outperform state-of-the-art baselines and exhibit strong generalization
to unseen wireless environments.

The rest of this paper is organized as follows: Section [C.2] introduces the
channel model and CSI prediction problem, as well as a preliminary for dif-
fusion models. In Section [C:3] we present our diffusion-based CSI prediction
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framework and training and inference procedures. Section [C.4] provides nu-
merical simulations and compares different CSI prediction schemes in terms
of the normalized mean squared error (NMSE). Finally, Section concludes
the paper.

C.2 Preliminaries and Problem Formulation

C.2.1 Channel Model

We focus on the clustered delay line (CDL) channel model based on the 3GPP
specification |38]. The CDL channel model is a spatial channel model for
wireless channel simulation. This model comprises different scenarios, denoted
as CDL-A to CDL-E, where each scenario models different channel statistics with
different delay profiles, angular spreads, etc. For example, CDL-B generates
an urban macrocell scenario with a wider angular spread. The time-varying
MIMO channel impulse response in the CDL model is given by

L

R
H(t) =) > () apx (613) afh (o)) e 72, (C.1)

I=1r=1

or its discrete counterpart,

Hn = Z Z al,T[n] ARx ((b}{:"() a'II—‘IX ( ’lr,f) e*j2ﬂ' )jvcs TL7 (CQ)

1=1r=1

where, L is the number of clusters, R the number of rays per cluster, oy ,(t)
time-varying complex path gain for ray r in cluster [, arx(-),aTx(-) denote
receive/transmit array response vectors, (¢FX,¢T*) represent angles of ar-
rival/departure, fs the sampling frequency, N. the number of subcarriers,
and 7; is the delay of the [-th cluster. The time-varying complex path gain is

modeled as
. [n] = /P, e Fhirntoin) (C.3)

where P, is the power of the r-th ray in cluster I, f;, the Doppler shift, and
¢1,» the random initial phase. For a uniform linear array (ULA), the array
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response vector is

1, ejgﬁgsin(qs)’ o 327 % (N —1) sin(¢) T7 (C.4)

a(¢) =

1
VN
where, IVy denotes the number of antenna elements and d the antenna spacing.

We consider a MIMO system in which a base station (BS) serves multi-
ple single-antenna users. The BS is equipped with a ULA of N; antennas.
Orthogonal frequency division multiplexing (OFDM) with N, subcarriers is
employed for downlink transmission. For each subcarrier m € {1,..., N.} and
time index n, h,,, € CM* denotes the channel vector from the BS with N;
antennas to the user. By stacking all subcarriers, the downlink CSI matrix in
the spatial-frequency domain at time n is given by

H, = [hy, hy, - hy,,| € CNNe, (C.5)

C.2.2 Diffusion Models

Denoising diffusion probabilistic models (DDPMs): Diffusion models are a
class of generative models that learn to approximate complex data distribu-
tions by progressively corrupting the data with noise and then reversing this
process. The foundational work on DDPM was introduced in [32]. In DDPMs,
the forward process gradually adds Gaussian noise to the data, while the re-
verse process aims to reconstruct the original data using a NN. This is modeled
as a Markov chain with a predefined, time-dependent noise schedule.

The forward process defines a Markov chain that incrementally perturbs
the data over T time steps. Starting from a data sample H® ~ p(H?), the
forward diffusion is expressed as

g(H'T | H) = [Tq@" | B, (C.6)
t=1

where each conditional distribution is Gaussian
g(H' | H'Y) = N (HYS /T G H T B T) (1)

with 8; € (0,1) denoting the noise variance at step ¢, and H' representing the
noisy latent at time t.
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The marginal distribution at an arbitrary time step ¢, conditioned directly
on the original sample HY, is

g(H' |H°) =N (H; Va, H?, (1 — &) 1), (C.8)
which leads to the reparameterization
H =Va,H +V1—-ase, €~ N(0,1), (C.9)
where € denotes standard Gaussian noise, and
t
ay=[Jes with a, 218, (C.10)
i=1

The noise schedule is crafted such that ar ~ 0, ensuring that the final
latent H”' is nearly standard Gaussian.

The reverse process is a learned Markov chain that denoises H? ~ A(0,1)
back to the data domain, and each reverse transition is approximated as

po(H'™' | H") =N (H'™'; po(H', 1), Zo(t)) (C.11)
with the prior given by
p(H") = N(H";0,1). (C.12)

In DDPM, the mean pg(H?, ) is expressed using a predicted noise function

€o
by L t l - t

where €g(H,t) is an NN trained to predict the forward noise at time ¢. The
variance Xg(t) is usually fixed and time-dependent

So(t) =G I, with f; = 1= By. (C.14)

1—oy

The model is trained by minimizing a simplified variational lower bound,
which reduces to a weighted mean squared error (MSE) between the true noise
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€ and the predicted noise €g
Lyoise —]EHOte [HE_EO Ht || :| (015)

An alternative yet equivalent training objective is to have the model di-
rectly predict the clean data H® from the noisy observation Hf. In this case,
the training loss becomes the MSE between the true clean sample and the
predicted sample HY

ACdata - IEHO t,e |:HH HO Ht H i| (016)

This formulation is particularly useful in inverse problems, such as denoising
or super-resolution, where the objective is to recover a clean signal rather than
generate diverse samples. Both loss functions are mathematically connected
through the forward diffusion equation, and the predicted clean sample can
be converted to noise (or vice versa) using closed-form expressions.

DDIM: The DDPM framework involves a stochastic reverse process and of-
ten requires a large number of diffusion steps (e.g., T = 1000) to achieve
high-quality generation. To reduce the number of steps without significant
degradation in quality, Song et al. [33] proposed DDIM, which reinterpret the
reverse process as a non-Markovian mapping that can be made fully deter-
ministic. Starting from the DDPM estimate of the clean sample H° at time
step ¢

H' = V% (H' — VI—a,e(H 1)), (C.17)

and the DDIM update is given by

=  H /1 — a1 — o2eg(H ) + 0y €, (C.18)
where € ~ N(0,I) and
1—ay
1
C ) ——— a /1 (C.19)

where ¢ € [0, 1] controls the level of stochasticity, ¢ = 0 yields a fully deter-
ministic process, while {( = 1 recovers the stochastic DDPM update. This
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formulation eliminates the need to sample fresh Gaussian noise at each step
in the deterministic setting (¢ = 0), enabling fast sampling and allowing for
arbitrary step schedules. By tuning ¢, DDIM provides a trade-off between
sample diversity and generation speed.

C.2.3 Problem Formulation

Time-varying wireless channels can be naturally modeled as time-series data,
where CSI prediction entails capturing both the spatial distributions and tem-
poral dynamics of the channel. Under the MSE criterion, the optimal predic-
tor corresponds to the minimum mean squared error (MMSE) estimate, which
can be formulated as

J*(Hp) = argmin E[||H; — f(Hy)[”] | (C.20)

where Hy 2 {H,;1,H, 2,...,H, . n,} denotes the set of future CSI over
the next Ny time steps, and H, £ {anNp+17Hn7Np+27 e Hn} represents
the historical CSI observations over the previous N, time steps. The optimal
predictor f*(H,) is the conditional mean estimator (CME) [39], given by

f7(H,) = E[H; | H,] = / H p(H; | H,) dH. (c21)

Deriving the optimal MMSE predictor requires knowledge of both the con-
ditional distribution of the future CSI given the past (capturing the channel
dynamics) and the prior distribution of the wireless channel (capturing the
spatial statistics). Deriving this predictor in closed form is intractable due to
high-dimensional integrals, nonlinear time-varying dynamics, and the lack of
a known prior for practical channels.

A practical approach to approximate the optimal predictor is to employ
discriminative DNNs, such as RNNs or Transformers. A discriminative DNN
with learnable parameters @ aims to learn the nonlinear mapping from his-
torical CSI observations, Hp, to the future CSI, H¢. With sufficient data and
model capacity, a DNN trained using the MSE loss provides a data-driven
approximation of the MMSE predictor, i.e.,

fo(Hp) = f*(H,). (C.22)
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However, such approximations face several limitations. First, jointly cap-
turing the temporal dynamics of the wireless channel together with its spatial
distribution is highly challenging. Second, discriminative models provide a
deterministic mapping that fails to capture the uncertainty of channel evolu-
tion. Third, learning such complex dynamics from finite training data makes
these models prone to overfitting, thereby limiting their robustness in practical
deployments.

C.3 Diffusion CSI Prediction

Inspired by the formulation of the optimal CME in , we decompose
the prediction task into two components: a temporal encoder and a gener-
ator. The temporal encoder extracts latent temporal representations from
the time-varying channel, while the generator learns the underlying channel
distribution. To capture the probabilistic nature of CSI prediction, we em-
ploy diffusion models as the generator. In contrast to discriminative DNNs
that produce deterministic point estimates, diffusion models yield probabilis-
tic predictions, thereby accounting for the inherent uncertainty of wireless
channels. Furthermore, since diffusion models are trained across the entire
signal-to-noise ratio (SNR) range, they are expected to generalize more ro-
bustly to diverse channel conditions compared to task-specific discriminative
models.

We apply two different inference schemes: the first follows an AR approach,
while the second adopts a seq2seq prediction framework. In the following
sections, we elaborate on these prediction schemes and summarize the overall
methodology in algorithmic formulations. The overall training procedure of
our diffusion-based CSI predictor, which leverages latent representations from
the temporal encoder, is outlined in Algorithm Note that the training
process is identical for both AR and seq2seq schemes, except for the output
target: in the AR scenario, the model is trained to generate the next CSI
frame, whereas in the seq2seq case, it is trained to produce a sequence of CSI
samples over a fixed prediction horizon.
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Algorithm C.1 Training

Input: Dataset D = {(X,Y)}; model parameters 8 = [O7g, Og]; diffusion
scheduler (noise schedule {f3;}1_,); diffusion steps T; SNR range [pmin, Pmax]-
Output: Trained model parameters 6*.

1: for epoch =1,..., Nepochs do
2:  for each batch (X,Y) € D do

3 p~ U[pmin, Pmax]

4 X<+ /pX+N, N~N(I)

5: Z fBTE (X)

6 t~U[0,T 1]

7 Xt Var Y +1T—a e, €~N(0,TI)
8 Yaifr Concat(X?, Z)

9: Y < foo (Yaig, 1)

10: L(0) < Loss(Y,Y)

11: Update 0 using gradients Vg /£(8)

12:  end for

13: end for

14: Return 6*

C.3.1 AR

AR inference is a sequential prediction strategy in which each future time
step is generated conditioned on the previously observed or predicted steps.
In this scheme, the model takes a historical sequence, predicts the next step,
and then recursively feeds this prediction back to forecast subsequent steps
until the desired horizon is reached. The AR inference scheme provides a
flexible prediction framework, where a single trained model can operate with
arbitrary context lengths and prediction horizons. This flexibility makes it
well-suited for sequential modeling tasks, as the model dynamically adapts
its predictions based on evolving inputs. The overall scheme of the AR CSI
prediction framework is depicted in Fig.

Temporal Encoding: Learning the dynamics of CSI data is a crucial com-
ponent of the CSI prediction problem. To capture the complex nature of a
time-varying wireless channel, we employ a learning model to extract latent
features along the temporal dimension. Let the CSI sequence input to the
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Figure 1: CSI prediction with a diffusion model conditioned on the temporal en-
coder’s latent representation, using an AR inference strategy.

temporal encoder at the k' time step be

A~

Hn+k = {Hn—Np+1:n7Hn+1:n+k—1}a (C23)

where IA{nHerk,l denotes the predicted CSI sequence up to step k. The
temporal encoder processes this input at the &*" step and extracts the corre-
sponding latent temporal representation,

Zpik = fGTE (HnJrk) (024)

The resulting latent representation is then used as a conditioning input to the
diffusion model for CSI prediction.

Generator: To generate future CSI samples from the latent features ex-
tracted by the temporal encoder, we employ a diffusion model. Conditioning
on the latent features in the reverse diffusion process steers the generation
toward plausible future CSI realizations. The forward process follows the
Markov transition in , where Gaussian noise is progressively added ac-
cording to a predefined schedule. To approximate the reverse process, an NN

C13



Paper C

Algorithm C.2 AR Inference
Input: Historical CSI sequence Hy; trained parameters 8* = [04., 0 ]; dif-
fusion scheduler with noise schedule {3;}7_,; diffusion steps T’; prediction
horizon Ng.
Output: Predicted CSI sequence {H,, }2 .
1: Initialize H, < H,,
2: for n =1 to Ny do
Z fG}E (Hc)
Initialize HT ~ A(0,1)
fort =T to1do
H® « fo. (Concat(H', Z),t)
eo(H' 1) = —Ht_ﬁ/%iégt(m’t)
H '« a;, 1 H + T —a;_1 eo(H' 1)
end for
10 H, « H°
11: H, « H,+N, N~ N(0,02I)
12:  H, « Concat(H,, I:In)
13: end for
14: Return {H,}"",

o

is trained to approximate the conditional distribution

f9G (I:I;jtlw Zn+k) = Poc (I:If;rlk | I:Iferkv Zn+/€)’ (C'25)

and after T" sampling steps, the predicted CSI sample is

A A

H,r=H, . (C.26)

Inference: In the inference step, after predicting the next CSI frame, the
generated sample is appended to the input sequence and fed back into the
model to predict the subsequent time step. This procedure is repeated until
the desired prediction horizon is reached, as summarized in Algorithm

C.3.2 Seq2seq

Seq2seq inference is a parallel prediction strategy in which the entire sequence
of future steps is generated simultaneously rather than recursively. Instead of
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predicting one step at a time and feeding it back into the model, a seq2seq
approach maps the input sequence directly to multiple outputs in a single
forward pass.

Temporal Encoding: In the seq2seq prediction framework, the temporal en-
coder processes a fixed-length CSI sequence and extracts a latent representa-
tion,

Z = for,(Hp). (C.27)

Generator: Conditioned on this latent feature, the generator produces the
entire sequence of future CSI samples over a fixed prediction horizon in parallel
using a diffusion process. The generator then learns to approximate the reverse
process by modeling the conditional distribution

fos (H', Z) ~ po, (H'™" | H', Z), (C.28)
and after T" sampling steps, the predicted CSI sample is
H; = H°. (C.29)

This design eliminates the sequential dependency of AR inference, reducing
inference time and computational overhead, especially for long prediction hori-
zons. By predicting all future steps in parallel, seq2seq inference also avoids
the problem of error accumulation, since early mistakes do not propagate
through the sequence. However, this efficiency comes at the cost of reduced
flexibility as a seq2seq model can be trained for a fixed context length and
prediction horizon, and may struggle to capture fine-grained temporal depen-
dencies compared to AR methods.

Inference: During inference, the trained temporal encoder processes the his-
torical CSI samples and encodes them into a temporal latent representation.
This representation is concatenated with standard Gaussian noise and passed
to the diffusion generator, where the reverse diffusion process is carried out
using the DDIM scheduler as outlined in Algorithm

It is worth noting that various temporal encoders (e.g., RNNs, Transform-
ers) and backbone models for diffusion (e.g., U-Net, DiT) can be employed. In
Section [C-4] we examine our diffusion-based CSI prediction framework under
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Algorithm C.3 Seq2seq Inference

Input: Historical CSI sequence Hy, of length Ny; trained parameters * =

[0, 0]; diffusion scheduler with noise schedule {3;}/_;; diffusion steps T'.

Output: Predicted CSI sequence {Hg}.

A fg;EE (Hp)

. Initialize HT ~ AN(0,1)

: for t =T to 1 do

H'  fo: (Concat(H', Z),
t

¢
eo(H!, 1) = T O H0

oW N =

)

5 @ H_g
Vi—a;

6: H'™'« Ja,_1H'+ /T —a;_1eo(H', 1)

7: end for

8

9

: I:If «— I:IOA
: Return H;

different architectural choices.

C.3.3 Unified Seq2seq

Employing separate models for temporal encoding and CSI generation pro-
vides a robust framework for learning the temporal and spatial characteristics
of the dynamic CSI distribution. Training separate models for temporal and
spatial dependencies complicates optimization and requires substantial train-
ing data. It also increases computational cost, as both networks must be
trained and executed for CSI prediction. To address these limitations and
enhance practicality in real-world applications, we integrate temporal encod-
ing and generation into a single diffusion model that jointly learns temporal
and spatial dependencies from CSI samples. In this formulation, the diffusion
model directly approximates the conditional distribution of the CSI dynamics
given historical CSI sequences,

Do, (ﬂt—l | ﬂf,Hp) . (C.30)
This unified framework reduces model complexity and improves efficiency,

though it may be less effective in capturing fine-grained temporal and spatial
structures compared to architectures with two dedicated modules.
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C.4 Experimental Setup

In this section, we present a detailed description of the experimental setup
used to evaluate the performance of the proposed diffusion-based CSI predic-
tion models. We first introduce the CDL simulation parameters employed to
generate the CSI dataset. We then describe the proposed diffusion models
with different backbone architectures, including U-Net, DiT, and 3D U-Net,
as well as several state-of-the-art CSI prediction baselines for comparison. The
training configuration and the techniques adopted during model training are
outlined next. Finally, we provide a comprehensive set of numerical results to
assess and compare the performance of these models in terms of NMSE across
varying prediction horizons and SNR regimes.

C.4.1 Dataset Setup

We generate CSI data according to the CDL channel model introduced in
Section A total of 100,000 independent CSI samples are created. Each
sample is stored as a tensor of shape [100 x 2 x Ny x N,], representing 100 time
steps, 2 channels for the real and imaginary parts, IV; transmit antennas, and
N, subcarriers. Each sample is then split into past CSI data, H, of length
Np, and future ground-truth CSI data, H; of length V¢, to form training
pairs (X,Y) with X = H, and Y = H;. Min-max scaling is used to scale the
dataset in the range (0,1). Unless otherwise specified, we set N, = 30 and
N¢ = 10 throughout the experiments presented in the subsequent sections.
To generate the CSI dataset, we simulate time-varying channels using 3GPP-
compliant CDL channel models, following the parameters summarized below:

e Carrier frequency: f. = 28 GHz.

e Channel model: 3GPP CDL channel model with profiles randomly se-
lected from the set {CDL-A, CDL-B, CDL-C, CDL-D, CDL-E}.

¢ Antenna configuration: 16 x 1 MIMO system, with 16 transmit antennas
at the base station and 1 receive antenna at the user terminal.

e Bandwidth: 25 resource blocks (RBs) with a subcarrier spacing of 30 kHz,
resulting in a total of 300 subcarriers. CSI is extracted from 16 evenly
spaced subcarriers across the band.
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OFDM frame: Each CSI sample consists of 100 OFDM symbols (time
steps), with each OFDM symbol having a duration of approximately
Toym =~ 33.3 ps.

Velocity: User velocities are sampled uniformly from the range [30, 120]
km/h to cover a variety of mobility scenarios.

Delay spread: The channel delay spread is sampled uniformly from the
range [50,400] ns.

C.4.2 Neural Prediction Models

We evaluate the performance of several baseline models and our proposed
diffusion-based scheme for CSI prediction. These models are selected to cover
a diverse range of architectural paradigms, including RNNs such as GRU
and ConvLSTM, efficient Transformer variants such as LinFormer [26], and
proposed generative diffusion-based predictors. A brief description of each
model is provided below:

C18

GRU: We use a GRU model with two hidden layers, each comprising
128 channels and employing the tanh activation function. This serves
as a standard sequential baseline for capturing temporal dependencies
in CSI prediction.

ConvLSTM: We adopt a single-layer ConvLSTM with a hidden state
of 128 channels and a spatial kernel size of 3 x 3, producing latent feature
maps in R128XNexNe  The output is followed by Group Normalization
(single group), Dropout with a rate of 0.2, a 3 x 3 convolutional projec-
tion layer with 4 output channels, and a final tanh activation. A brief
review of ConvLSTM fundamentals is given in Appendix [C.Al

LinFormer: LinFormer, introduced in [26], is a Transformer variant
tailored for CSI prediction. It replaces the computationally expen-
sive self-attention mechanism with a time-aware multi-layer perceptron
(TMLP), significantly reducing complexity. The model comprises six
encoder blocks, each with a model dimension of 512 and a feed-forward
hidden size of 512.

DiU: DiU represents a diffusion-based CSI prediction framework em-
ploying a U-Net backbone with AR inference. A ConvLSTM acts as
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the temporal encoder to capture channel dynamics. The U-Net design
is detailed in Appendix [C.B]

e DiU-seq2seq: This is a seq2seq variant of the diffusion framework
using the same U-Net backbone as DiU but predicts multiple future CSI
frames in a single forward pass, without an explicit temporal encoder.

e LinFusion: LinFusion combines a LinFormer-based temporal encoder
with a U-Net diffusion generator under a seq2seq inference scheme. The
LinFormer and U-Net components follow the same architecture config-
urations as in the LinFormer and DiU models, respectively.

e DiT: In this variant, we employ a DiT as the denoising backbone, while
a ConvLSTM serves as the temporal encoder. Architectural details and
parameter settings for DiT are provided in Appendix [C.C|

e DiU3: We employ a 3D U-Net as the diffusion backbone with seq2seq
inference. The 3D U-Net extends the standard U-Net into three dimen-
sions, jointly modeling spatio-temporal features. The details for the 3D
U-Net design used in our simulation are provided in Appendix [C.D]

C.4.3 Training Parameters

For training the diffusion model, we employ the DDIM scheduling technique
to accelerate the sampling process. Diffusion timesteps ¢ are drawn uniformly
from {0,...,7 — 1}. The input to the diffusion generator is formed by con-
catenating the noisy CSI at timestep ¢ with the latent features extracted from
the temporal encoder. To enhance robustness against varying SNR conditions
and to account for channel estimation errors during pilot transmission, we
corrupt the training data with additive noise.

We adopt the Huber loss [40] to train both the diffusion model and the tem-
poral encoder, and use the diffusion loss formulated in to predict clean
samples. The Huber loss is a robust regression loss that behaves quadratically
for small errors and linearly for large errors, combining the benefits of MSE
and mean absolute error (MAE). With a threshold parameter § > 0, it is
defined as
(y—Q)Q, if ly — 9] <9,

1
2 C.31
5(ly—9]—%), otherwise. (C:31)
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We employ the Adam optimizer to jointly update the parameters of the
temporal encoder and the diffusion generator, using learning rates of 1 x
1073 and 1 x 1073, respectively. To enhance training stability, we apply an
exponential moving average (EMA) with a decay factor of 0.995 and an update
interval of 10 steps, together with gradient clipping at a maximum norm of
1.0. The model is trained for 500 epochs with a batch size of 512.

In the implementation, the Huber loss threshold is set to § = 0.016, while
the SNR values are uniformly sampled from the range [—20,20] dB. For the
diffusion noise schedule, we adopt the scaled and clipped squared—cosine design
proposed in [41], defined as

t
=+0.008 7
- 2 T
= — . — C.32
e = eom ( 1.008 2)’ (C-32)
which leads to the variance schedule
Br=1-— ¢>1. (C.33)
Q1

To prevent degenerate values, the coefficients are further clipped as

B = min(ﬁmax: max(ﬂmina Bt)) , (0'34)

With Bmin = 1074, Bmax = 2 x 1072, and T = 2000 in our experiments.
Compared to a linear schedule, the squared—cosine design produces smaller
B¢ values in the early steps, resulting in a slower corruption rate at the start
of the forward process, and larger 3; near the end, leading to stronger noise
injection in later steps.

C.4.4 Numerical Results

We evaluate the performance of the proposed diffusion-based CSI prediction
models and baseline approaches introduced in Section under various
experimental settings, including different SNR levels, prediction horizons, and
user mobility scenarios. The performance of all methods is quantified using
the NMSE, defined as

(C.35)

NMSE £ E [H _ ﬂ”ﬂ

[H]?
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Figure 2: NMSE of different CSI prediction models over varying prediction steps
at inference SNRs of 0, 10, and 20 dB.

where H and H denote the ground-truth and predicted channel matrices,
respectively.

Fig. 2 illustrates the prediction accuracy of different models across vary-
ing prediction steps under three inference SNR regimes: 0, 10, and 20 dB.
The results show that the proposed diffusion models consistently outperform
state-of-the-art benchmarks such as GRU, ConvLSTM, and LinFormer. The
performance gain is most pronounced at higher SNRs and shorter prediction
horizons. For example, at an inference SNR of 20 dB, the diffusion model
with AR inference achieves improvements of more than 5 dB and 8 dB in
NMSE compared to ConvLSTM and LinFormer, respectively. When compar-
ing the three diffusion-based predictors, the AR variant noticeably outper-
forms the seq2seq variants. In contrast, the seq2seq diffusion models provide
slightly better NMSE performance at lower SNRs and for longer prediction
horizons, primarily because of error propagation over time in AR inference.
Furthermore, incorporating diffusion into the Linformer architecture yields an
NMSE improvement of approximately 4 dB compared to the Linformer base-
line. While LinFusion outperforms Linformer alone, the diffusion model using
a ConvLSTM temporal encoder and a U-Net backbone consistently achieves
the lowest NMSE, particularly for short prediction horizons.

Fig. [3] presents the NMSE performance of different CSI prediction models
as a function of inference SNR, evaluated across three prediction horizons:
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Figure 3: NMSE performance of CSI prediction models versus inference SNR. Re-
sults are reported for the first prediction step, the last prediction step, and the
average NMSE across all prediction steps.

1%t-step prediction, 10*"-step prediction, and the average performance over
10 prediction steps. As anticipated, higher SNR levels enhance the perfor-
mance of all models, with our diffusion-based schemes consistently surpassing
the baselines. Specifically, for the average NMSE across all steps, the diffu-
sion model with a U-Net backbone and AR inference achieves the best overall
performance. For first-step prediction, DiU with AR inference yields up to
5-8 dB NMSE gains compared to GRU, ConvLSTM, and LinFormer, par-
ticularly at high SNRs. At longer prediction horizons, the seq2seq diffusion
models surpass AR inference, though at the expense of reduced accuracy for
short horizons and lower flexibility in handling variable context lengths and
prediction horizons.

We evaluate the prediction accuracy of different models under fixed user
mobility levels of 30 km/h, 60 km/h, and 120 km/h, as shown in Fig. 4 As
expected, the prediction performance degrades with increasing mobility due
to faster channel dynamics and weaker temporal correlations. Nevertheless,
the proposed diffusion-based predictors consistently outperform all baseline
models across all velocity regimes. The NMSE gains of AR-based diffusion are
particularly pronounced at lower user speeds (e.g., 30 km/h), where stronger
temporal correlations can be exploited. In this regime and for short prediction
horizons, DiU with AR inference achieves up to a 5 dB improvement over
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Figure 4: NMSE performance of CSI prediction models as a function of prediction
step, evaluated on CSI samples with user mobilities of 30 km/h, 60 km/h, and
120 km/h.

both DiU-seq2seq and LinFusion. However, this performance gap gradually
diminishes as the prediction horizon extends and the user velocity increases.

Fig. 5| compares the CSI prediction performance of different backbone ar-
chitectures and context lengths across varying prediction horizons. The left
plot evaluates our proposed diffusion-based predictors with U-Net, DiT, and
3D U-Net backbones. These results demonstrate the flexibility of the diffu-
sion framework, as different architectures can be seamlessly integrated into
the generator. While all models achieve comparable performance, the U-Net
backbone consistently achieves the lowest NMSE. Moreover, although the 3D
U-Net variant applies convolutional operations over the 3D volume of CSI
data and has significantly higher model capacity, it does not outperform the
2D U-Net variant combined with an explicit temporal encoder and AR infer-
ence. This underscores the effectiveness of our proposed diffusion-based CSI
prediction framework with an explicit temporal encoder.

The middle plot compares different variants of the seq2seq inference strat-
egy for diffusion-based CSI prediction for DiU. We evaluate multiple config-
urations, including 1:1, 2:1, 5:1, 5:2, 10:5, and 30:10, where an N:M setup
denotes predicting M future CSI frames from NV historical observations. Con-
figurations with fewer than 10 prediction outputs still require recurrence to
reach the full prediction horizon, indicating that autoregression is unavoid-
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Figure 5: NMSE performance versus prediction step at SNR = 10 dB. The left panel
compares DiU, DiT, and DiU3; the middle panel shows different seq2seq variants;
and the right panel presents DiU with varying context lengths.

able for many trained seq2seq models. In this setup, 30:10 corresponds to
the DiU-seq2seq model. The results show that increasing the context length
in seq2seq prediction provides more temporal information and consistently
improves NMSE performance.

Finally, the right plot highlights the impact of varying the input context
length IV, on prediction accuracy of DiU with AR inference. Increasing the
context length from N, = 5 to IV, = 40 steadily improves NMSE performance,
demonstrating that the diffusion model benefits from larger temporal contexts.
However, the performance gain begins to saturate beyond N, = 30, indicating
diminishing returns when excessively long histories are used.

Fig. [0] illustrates the impact of different sampling steps on the perfor-
mance of the proposed diffusion-based CSI prediction model at an inference
SNR = 10 dB. The left plot shows the NMSE as a function of prediction
step for different sampling schedules, while the right panel provides a qualita-
tive visualization of reconstructed CSI frames for one representative sequence.
Rows correspond to different sampling step settings, and columns represent
future prediction steps.

The results demonstrate that the proposed model achieves competitive per-
formance even with a small number of sampling steps. In particular, using
as few as 3 sampling steps achieves nearly the same NMSE as the 100-step
schedule, while significantly reducing inference time. Beyond 5 steps, the
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Figure 6: Left: NMSE performance versus prediction step at 10 dB SNR for differ-
ent sampling steps. Right: qualitative channel visualization for a single sequence,
where rows correspond to the ground truth and predictions for each sampling step,
and columns indicate the prediction steps.

performance improvements become marginal, indicating that the proposed
method can operate efficiently with very few diffusion iterations. The qualita-
tive reconstructions on the right further confirm that high-fidelity predictions
can be achieved even under low sampling budgets.

Fig. [7]illustrates the generalization performance of different CSI prediction
models when evaluated on a test dataset generated at a carrier frequency
of f. = 3 GHz, while all models were trained exclusively on data generated
at f. = 28 GHz. This setup induces a noticeable distribution shift in the
channel statistics, since lower carrier frequencies exhibit different propagation
characteristics and scattering behaviors compared to mmWave frequencies.
The results show that the proposed diffusion-based models achieve the lowest
generalization error and maintain robust performance under unseen channel
statistics. This advantage stems from modeling the full conditional distribu-
tion p(Hy | Hy,) rather than learning a single deterministic mapping from past
to future CSI. By capturing the underlying spatiotemporal structure of the
channel—rather than memorizing training-specific patterns—diffusion-based
predictors remain resilient under substantial domain shifts.

The baseline discriminative models suffer from noticeable performance degra-
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Figure 7: Left: NMSE performance versus prediction step, evaluated at f. = 3 GHz.
Right: qualitative channel visualization for a single sequence, where rows correspond
to the ground truth and different prediction schemes, and columns represent the
prediction steps.

dation under domain shift. LinFormer in particular exhibits a sharp NMSE in-
crease, indicating strong overfitting to the training distribution at f. = 28 GHz
when evaluated at f. = 3 GHz. The 3D U-Net diffusion model also exhibits
some performance loss due to its relatively high parameter count, which makes
it more susceptible to overfitting. By comparison, the ConvLSTM model gen-
eralizes better than LinFormer, largely owing to its simpler architecture and
lower capacity, which reduce its sensitivity to domain shifts. Overall, these
results highlight that diffusion-based CSI predictors—particularly those with
lightweight backbone architectures—are substantially more robust to domain
shifts, making them especially promising for deployment in real-world wireless
systems.

The right plot presents a qualitative comparison of predicted CSI sequences
at SNR = 10 dB across six forecasting models: DiU, ConvLSTM, GRU, DiT,
LinFormer, and DiU3. The first row shows the ground-truth CSI frames,
followed by the noisy input frames in the second row. The subsequent rows
present the reconstructed CSI sequences for each prediction model, where
each column corresponds to a future prediction step. As observed, LinFormer
struggles to recover the spatial structure of the wireless channel due to its poor
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Table 1: Comparison of model complexity measured by FLOPs and the number of
trainable parameters. Abbreviations: G = billions, M = millions.

Model FLOPs (G) | Parameters (M)
DiU 10.54 1.60
DiU-seq2seq 0.49 1.03
DiT 6.11 0.70
DiU3 48.32 10.19
LinFusion 1.01 4.60
LinFormer 0.11 3.70
ConvLSTM 1.52 0.15
GRU 0.31 2.10

generalization capability, while the other models are able to reconstruct CSI
samples more faithfully across prediction steps. Furthermore, DiU3 produces
slightly blurred reconstructions, reflecting its performance loss when evaluated
under different channel statistics.

Table [1| reports the computational complexity and parameter counts of the
evaluated CSI prediction models. The number of floating-point operations
(FLOPs) per forward pass and the total number of learnable parameters are
provided for a typical configuration with N, = 30 input frames and Ny = 10
predicted CSIs. Among the baseline methods, GRU and LinFormer exhibit
the lowest computational cost; however, they require a relatively large number
of parameters to maintain representational capacity, making them more sus-
ceptible to overfitting. Models based on AR prediction generally incur higher
computational costs due to temporal recurrence but offer greater flexibility
across different context lengths and prediction horizons. Seq2seq diffusion
models—and DiU-seq2seq in particular—enable faster inference and lower
per-pass computation, making them well suited for latency-critical applica-
tions. In contrast, the diffusion-based predictor with a 3D U-Net backbone
incurs substantially higher FLOPs owing to the joint spatio-temporal process-
ing performed over the full 3D CSI volume.
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C.5 Conclusion

In this paper, we presented a class of diffusion-based models for CSI predic-
tion, designed to flexibly integrate different time-series forecasting architec-
tures. By progressively learning the underlying distribution of spatial CSI
patterns and their temporal evolution, diffusion models capture the inherent
uncertainty of wireless channels rather than memorizing a fixed input—output
mapping. We considered both designs with and without an explicit tempo-
ral encoder: in the former, the temporal encoder extracts latent temporal
dynamics from historical CSI, while in the latter, the diffusion generator di-
rectly leverages historical CSI samples to predict future frames. Furthermore,
we investigated AR and seq2seq inference schemes, explored multiple gener-
ator backbones including U-Net, DiT, and 3D U-Net, and incorporated ad-
vanced techniques such as DDIM for efficient sampling. Extensive simulations
with the CDL channel model in a mmWave MIMO setup demonstrate that
the proposed diffusion-based models consistently outperform state-of-the-art
benchmarks such as GRU, ConvLSTM, and LinFormer across diverse SNR
levels, prediction horizons, and user mobility scenarios. In particular, the
diffusion model with a U-Net backbone delivers the best overall performance,
achieving up to 5—8 dB NMSE gains for short-term prediction horizons at high
SNRs. Moreover, we show that as few as three diffusion sampling steps are
sufficient to attain competitive prediction accuracy, and that generative dif-
fusion models exhibit stronger generalization capabilities than discriminative
baselines.

C.A ConvLSTM

ConvLSTM extends the standard LSTM architecture by replacing fully con-
nected operations with 2D convolutional operations, enabling it to better pre-
serve local spatial correlations in structured data such as images, videos, or
CSI. By sliding convolutional filters across spatial dimensions, ConvLSTM
is able to jointly capture spatial features and temporal dependencies more
effectively than traditional LSTMs.

Similar to the standard LSTM, ConvLSTM consists of three gates: the
input gate, forget gate, and output gate. However, unlike fully connected
LSTMs, the computations are performed using convolutions instead of matrix
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multiplications. The cell state and hidden state at time step n are updated
as follows:

Y, = [Xn, Zn-1], (C.36)

[in, £, 0n, 8] = Conv2D(Y,), ( )
i, =0(in), f,=0(f,), on,=0c(on), ( )

g, = tanh(g,), (C.39)

S, =£,0S,-1+i, © g, ( )

Z,, = o, ® tanh(S,,), ( )

where o(-) denotes the sigmoid activation function, tanh(-) is the hyperbolic
tangent function, and ® represents element-wise multiplication. The operator
Conv2D(+) applies a 2D convolution over the spatial dimensions. Here, X,, is
the input at time step n, Z,_1 is the previous hidden state, and S,, denotes
the current cell state.

C.B U-Net

U-Nets were originally introduced for biomedical image segmentation in |34]
and have since become a standard denoising backbone in diffusion-based gen-
erative models due to their strong ability to capture hierarchical spatial fea-
tures. The U-Net architecture follows an encoder—decoder design, where the
encoder progressively downsamples the input to extract latent representations,
while the decoder upsamples and reconstructs the output using both learned
features and skip connections from the encoder.

The network begins with an initial 3 x 3 convolution that projects the two
input channels (real and imaginary CSI components) into 32 feature channels.
These features then enter the encoder path. To incorporate temporal condi-
tioning on the diffusion step ¢, we embed the scalar timestep using sinusoidal
positional encodings, followed by a two-layer multilayer perceptron (MLP)
that maps the embedding to a 256-dimensional vector. This timestep embed-
ding is injected into every residual block via adaptive conditioning, allowing
the denoising process to depend on the current stage of the diffusion process.

The encoder consists of two resolution stages. The first down block is a
standard convolutional block operating on 32 channels. It applies two residual
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blocks, each conditioned on the timestep embedding, followed by a 2 x 2 spatial
downsampling that reduces the resolution from Ny x N, to Ny/2 x N./2.
The second down block is an attention-augmented convolutional block that
increases the channel width to 64. It applies two residual blocks, each followed
by a self-attention layer with a single-head attention mechanism. The outputs
of these down blocks are stored and later used as skip connections to improve
reconstruction fidelity.

At the bottleneck, the network operates on 64 channels at a spatial reso-
lution of Ny/2 x N./2. This mid block consists of a residual block, followed
by a self-attention layer, and another residual block. These layers are also
conditioned on the timestep embedding. Including attention at the bottle-
neck enables the model to capture global dependencies between antennas and
subcarriers.

The first up block is an attention-augmented up block that merges bottle-
neck features with the skip connection from the second encoder stage, apply-
ing three sequences of residual and attention layers. The second up block is a
standard up block that fuses features with the first encoder skip connection,
applies three residual blocks without attention, and upsamples back to the
original Ny x N, spatial resolution.

Throughout the network, the residual blocks use the Sigmoid Linear Unit
(SiLU) activation function. Specifically, every residual block inside the en-
coder, bottleneck, and decoder applies the sequence: Group Normalization —
SiLU activation — Convolution. Additionally, after the final decoder stage,
the features pass through a group normalization layer and another SiLU acti-
vation before the concluding 3 x 3 convolution, where no activation function
is applied after the final convolution.

C.C DiT

DiT adopts a Vision Transformer (ViT)-style architecture and incorporates
timestep conditioning via adaptive LayerNorm-Zero (adaLN-Zero). The over-
all architecture includes patch embedding, positional embedding, timestep
embedding, and a Transformer block with specialized adaptive layer norm
modulation. In particular DiT is similar to a ViT design that processes 2D
images as a sequence of patch embedding with learnable positional encoding
and stacking Transformer encoder blocks. DiT further applies embedding to
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diffusion timesteps using sinusoidal functions and an MLP. It also considers
the conditioning input to every Transformer block using adalLN-Zero.

Let the noisy input at diffusion step ¢ be denoted as H; € R2¥NexNe  The
model operates on non-overlapping patches of size P x P with P = 4. A strided
convolution with kernel and stride equal to P performs the patchification and
per-patch projection, yielding a sequence of tokens Zg € RT*P where T' =
(Nt/P) - (N/P) is the number of patches and D = 128 is the hidden size. To
preserve spatial arrangement after flattening, a learnable positional embedding
P ¢ R'*TXP i added to the patch embeddings, giving Xo = Zo + P.

The scalar diffusion index ¢ is mapped into a high-dimensional representa-
tion using sinusoidal functions ¢(t) € RY with F' = 256. This is subsequently
projected through a two-layer MLP with SiLU activation to the model width,
producing the timestep embedding ¢ € RE*P. This embedding conditions
every block through adalLN-Zero.

The Transformer stack is composed of L = 8 DiT blocks. Each block first
processes the conditioning vector ¢ using a modulation with a single-layer
MLP and SiLLU activation to produce six sets of vectors: scale, shift, and gate
parameters for both the attention and MLP sublayers. Specifically, we obtain
(Jmsa,vmsa,gmsa, omIp ~mip, gmlp), all in RBXP_ Given input tokens X, the
modulation is applied to LayerNorm outputs as

AdaLN(X;d,v) = LN(X) ® (1 + v[:, None, :]) + d[:, None, :],
where broadcasting is over the token dimension. The block then computes

U = MHSA (AdaLN(X; 852 msa)) (C42)
X «+ X + g™?[:,None,:] ® U, (C.43)
V = MLP(AdaLN(X; §"™', 4™P)) | (C.44)
X + X + g™P[:, None,:] ® V. ( )

The multi-head self-attention employs H, = 8 heads, so each head has width
D/H, = 16. The feed-forward MLP expands the hidden dimension to pD =
256 with Gaussian Error Linear Units (GELU) nonlinearity before projecting
back to D.

After the final block, another adaLN modulation and a linear projection
with a single-layer MLP and SiLU activation map each token to 2P? output
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values, corresponding to a patch of size P x P with C channels. An inverse
patching step reconstructs the spatial tensor H € R2XNexNe

To ensure stable training under high-noise conditions, the weights producing
the modulation vectors and residual gates, as well as the final linear projection,
are initialized to zero. Consequently, the model behaves as an approximate
identity function at initialization. The adopted configuration uses P = 4,
D =128, L =8, H, = 8, and an MLP expansion ratio of p = 2.0, which
balances global modeling capacity with computational efficiency for CSI pre-
diction tasks.

C.D 3D U-Net

We extend the U-Net architecture to a 3D variant in order to model the
spatio-temporal structure of CSI volumes. The network takes as input a stack
of frames consisting of both the observed past and the future frames concate-
nated along the temporal dimension, and augments the channel dimension
with a binary mask channel (1 for past frames and 0 for future frames) to
distinguish between conditioning and prediction targets.

The diffusion timestep ¢ is embedded using sinusoidal position encodings
followed by a two-layer MLP that projects the embedding to a 256-dimensional
vector. This embedding is injected into every residual block to enable adaptive
conditioning on the current stage of the diffusion process.

The encoder begins with an initial 3D convolutional block that projects the
(241) input channels (real, imaginary, and mask) into 32 feature channels. Tt
then applies three downsampling stages with output widths of 64, 128, and
256, respectively. Each 3D convolutional block contains two 3x3x3 convolu-
tions, each followed by Group Normalization and SiLLU activations, with the
timestep embedding added between the two convolutions. After each stage,
the spatial resolution is reduced by half via maxpooling, while preserving the
temporal dimension. Skip connections are extracted from the outputs of each
3D convolutional block before pooling for use in the decoder.

At the bottleneck, the network applies another 3D convolutional block with
256 channels, followed by a self-attention layer that performs multi-head self-
attention only along the temporal axis while treating each spatial location
independently. This allows the model to explicitly capture temporal depen-
dencies between CSI frames while keeping the computational cost independent
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of the spatial size.

The decoder mirrors the encoder and consists of three upsampling stages.
Each block begins with a 3D transposed convolutional block layer that up-
samples only the spatial dimensions, concatenates the result with the corre-
sponding skip connection, and processes the combined features to fuse spatial
and temporal information. The channel dimensions are reduced progressively
from 256 — 128 — 64 — 32, while the temporal resolution remains constant.

Finally, a 1x1x1 convolution maps the 32 feature channels to the two out-
put channels representing the real and imaginary parts of the predicted future
CSI. Since the input volume includes both past and future frames, only the
last frames of the output are retained to produce predictions.

Within every 3D convolutional block, the operations are applied in the
following order: Convolution — Group Normalization — time-embedding ad-
dition — SiLU — Convolution — Group Normalization — SiLLU. Thus, the
SiLU activation is consistently used in all residual blocks across the encoder,
bottleneck, and decoder. The multi-head self-attention layer does not use any
activation internally and relies on the surrounding residual blocks for nonlin-
earity. No activation is applied after the final convolution to allow the network
to produce unconstrained outputs.
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