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Abstract
Integrated sensing and communication (ISAC) is envisioned as a key function-
ality of sixth-generation wireless systems, enabling spatial perception of the
environment through the same hardware, spectrum, and waveforms used for
data transmission. Realizing this vision is challenged by modeling mismatch be-
tween assumed signal models and real operating conditions, which conventional
model-based signal processing struggles to address. This thesis studies two such
forms of mismatch: (i) hardware impairments and (ii) complex propagation
conditions such as non-line-of-sight. To address them, it investigates machine
learning as a data-driven complement to model-based signal processing in
ISAC, with contributions spanning supervised, semi-supervised, unsupervised,
and self-supervised learning regimes across four appended papers.

Paper A proposes a model-based end-to-end learning framework that jointly
optimizes the ISAC transmitter and sensing receiver under antenna-array hard-
ware impairments, enabling supervised calibration through differentiable ISAC
algorithms. The results show that learning the parameterized impairments
outperforms standard model-based calibration while generalizing to unseen
scenarios. Paper B reduces the labeling cost of this framework, showing that
semi-supervised learning matches fully supervised performance with far less
labeled data, while purely unsupervised learning falls short. Paper C closes this
gap in the multi-target case, calibrating transmitter and receiver impairments
with no labeled data via an approximation of the channel gradient, performing
close to supervised calibration and generalizing better across signal-to-noise
ratios.

Paper D removes the reliance on parametric line-of-sight channel models,
addressing active positioning through a self-supervised channel charting (CC)
framework augmented with a digital twin. By matching large-scale channel
state information features, the proposed method outperforms the CC state of
the art and remains robust to modeling mismatch and distribution shifts.
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CHAPTER 1

Introduction

1.1 Background and Motivation

1.1.1 Integrated Sensing and Communication

Since their introduction to the public in the late 1970s [1], wireless communi-
cation technologies have become an essential tool in our daily activities. In
the last few decades, we have experienced an exponential increase in the data
traffic in wireless networks. As a matter of fact, the global mobile network
data traffic has quadrupled from the last quarter of 2018 to the third quarter of
2025, and the number of mobile subscriptions is expected to reach 9.5 billion by
2031 [2]. From the service provider standpoint, communication networks have
evolved according to new generations introduced approximately every 10 years.
The goal of previous generations was to provide faster, more reliable, and
lower-latency communications with a growing number of connected devices per
square kilometer [3]. However, recent efforts for the upcoming sixth generation
of wireless systems (6G) have broadened this perspective, shifting the focus
beyond wireless communications [4].

In particular, 6G has been proposed to include sensing capabilities in the
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Chapter 1 Introduction

communication infrastructure, where the same transmitted signals used for
communications can be leveraged to retrieve spatial information of the envi-
ronment [5]. This dual-purpose functionality is known as integrated sensing
and communication (ISAC) [6]. The goal of wireless sensing is to detect and
locate objects in the environment of the transmitter (TX) and receiver (RX),
ranging from a few meters (typically in the far-field region) to the cell-coverage
scale. Embedding sensing in the communication infrastructure enables new
functionalities that were absent in previous wireless generations, such as smart
homes, autonomous vehicles, weather monitoring, and e-health [7], [8]. In
addition, reusing the same signals for communication and sensing leads to
hardware and energy savings [9], since dedicated sensing infrastructure can be
avoided. Among the sensing tasks enabled by ISAC, estimating the position
of targets in the environment is a particularly prominent example, and it is
the central focus of the papers in this thesis.

Communication and sensing processing have traditionally relied on mathe-
matical models, which have achieved remarkable performance in their respective
domains. However, these models face fundamental limitations when applied to
ISAC in next-generation wireless systems. Firstly, 6G is expected to operate
at higher frequencies [10], where hardware impairments become more pro-
nounced [11]. Although such impairments could in principle be incorporated
into the mathematical models, characterizing them precisely is often analyti-
cally intractable, and the resulting ISAC algorithms can become prohibitively
expensive. As a consequence, hardware impairments are typically neglected in
the design of ISAC algorithms, introducing a mismatch between the assumed
and the actual signal model. Secondly, mathematical models (particularly
for sensing) rely on simplifying propagation assumptions, such as the exis-
tence of a line-of-sight (LoS) path between the TX and the RX [12], [13], [14].
Although some works incorporate additional effects such as non-line-of-sight
(NLoS) propagation [15], [16] or interference from other TXs [17], accurately
accounting for clutter, diffraction, and propagation under varying weather
conditions, among other effects, remains extremely challenging.

Addressing the gap between modeling assumptions and the physical effects
of next-generation networks is central to the deployment of ISAC, and, as
discussed in the next subsection, the same challenge extends to a complementary
scenario in which the device to be localized actively transmits its own signal.
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1.1 Background and Motivation

1.1.2 Active Positioning
The positioning task underlying ISAC sensing assumes that the object to be
localized does not take part in the transmission, but is rather illuminated
by a base station (BS) that infers its position from the backscattered signal.
In many wireless applications, however, the device to be localized actively
transmits. We refer to this complementary paradigm as active positioning,
where a user equipment (UE) emits a known pilot signal that is received
by one or more access points (APs) deployed in the environment, and the
network estimates the UE’s spatial coordinates from the resulting channel
state information (CSI). Since the same transmission simultaneously carries
communication information addressed to the network, active positioning is
itself an instance of ISAC, in which the sensing functionality is obtained as a
by-product of ongoing communication.

Model-based active positioning relies on parametric channel models that
link the CSI to the UE position through geometric quantities such as time-of-
arrival or angle-of-arrival (AoA), typically under the assumption of a dominant
LoS path between the UE and each AP. These assumptions seldom hold
in the cluttered indoor environments that motivate most active-positioning
deployments, where walls, furniture, and people block the LoS path and induce
rich multipath propagation [18]. As in ISAC sensing, hardware impairments at
the UE and APs further widen the gap between the assumed and the actual
signal model. Both ISAC sensing and active positioning therefore share a
common limitation: the mathematical models that underpin conventional
signal processing struggle to capture the physical effects of next-generation
wireless systems. These limitations motivate the use of data-driven approaches
capable of learning directly from observations and adapting to the imperfections
that mathematical models must either ignore or approximate.

1.1.3 Machine Learning for ISAC and Active Positioning
Machine learning (ML) has emerged as the dominant data-driven paradigm
of the last decade, fueled by the advent of dedicated hardware such as the
graphics processing unit and by the increasing availability of large datasets. ML
algorithms have achieved excellent performance in a wide range of applications,
including natural language processing [19], image generation [20], and protein
structure prediction [21], and have surpassed human performance in image
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recognition [22] and in playing chess [23]. A common thread across these
successes is that ML can extract useful structure from data even when an
exact mathematical description of the underlying process is unavailable or
too complex to manipulate analytically. This is precisely the regime in which
next-generation wireless systems are expected to operate in some applications,
given the hardware impairments and propagation conditions discussed in the
previous section. In the following, we describe three concrete benefits that ML
can offer for ISAC and active positioning, together with the trade-offs that
they entail.

Firstly, ML methods are less reliant on explicit mathematical models of the
propagation environment and the transceiver chain. Conventional algorithms
are derived from such models and therefore degrade when the underlying
assumptions do not hold, for example when hardware impairments are not
properly compensated and induce a mismatch between the assumed and the
actual signal model [24], [25]. ML methods are typically trained by minimizing a
cost function on observed data that already reflects these effects, so the learned
parameters can absorb residual mismatches that are difficult to characterize
analytically [26], [27]. This relaxation of explicit modeling does not eliminate
prior assumptions, but rather displaces them. In particular, ML methods
commonly require representative training data, which in the context of ISAC
and positioning often takes the form of labeled samples such as the ground-
truth positions of the targets or the known pilot signals received at the BS. The
cost of acquiring these two types of samples is fundamentally different. Ground-
truth target positions can only be obtained through dedicated measurement
campaigns and are therefore costly and time-consuming to collect. Pilot
symbols, in contrast, are known at the RX by design and incur no labeling
cost, but increasing pilot density to enlarge the training set reduces the
spectral efficiency available for data transmission. In either case, the resulting
models may need to be retrained whenever the deployment conditions change
significantly with respect to those seen during training.

Secondly, ML can provide computationally tractable approximations to
estimation problems whose optimal solution scales poorly with the problem
size. For instance, in multiple-input multiple-output communications, the
maximum likelihood estimation (MLE) of the transmitted signal at the RX
becomes intractable as the number of antennas grows [28]; and in radar sensing,
the MLE of target range and velocity becomes intractable for an increasing
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number of targets [29]. ML offers tractable approximations to such estimators
at the cost of a controlled performance loss [30], and dedicated hardware
architectures can further reduce the energy consumption of the resulting
inference [31], [32].

Thirdly, wireless networks comprise heterogeneous devices with diverse
transmitted signals, data formats, and requirements [33]. Designing a separate
model-based algorithm for each device class can require substantial engineering
effort [34], a burden that is expected to grow with the increasing number of
interconnected devices in future networks. ML can exploit correlations across
data collected by different devices to provide unified estimation pipelines that
aim to generalize across device classes and deployments [35]. The extent to
which a single learned model can absorb such heterogeneity, however, remains
an open question. Wireless data is highly configuration-dependent and tied to
specific simulators or deployment setups, so the broad, foundation-model-style
scaling that has succeeded in language and vision has yet to materialize in the
wireless domain [36]. This suggests that purely ML pipelines are unlikely to
replace model-based processing in the near term, motivating hybrid designs
that retain the structure of model-based algorithms where it is reliable.

Inspired by these arguments and by the early results obtained in physical-
layer communications [37], [38], [39], [40], ML has become one of the central
pillars of the ongoing 6G research efforts, which envision the upcoming gen-
eration as the first ML-native wireless network [41]. As the discussion above
illustrates, ML and model-based signal processing exhibit complementary
strengths and weaknesses. This complementarity motivates the perspective
adopted in this thesis, in which ML is harnessed as a data-driven complement
to model-based signal processing for ISAC rather than as a replacement for it,
as detailed in the next section.

1.2 Thesis Scope
This thesis investigates the use of ML as a data-driven complement to model-
based signal processing in ISAC systems affected by hardware impairments
and challenging propagation environments. The scope spans from supervised
calibration under the availability of ground-truth target positions and pilot
signals, to fully unsupervised calibration that eliminates ground-truth data
entirely, and finally to model-agnostic positioning under NLoS conditions. The
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contributions are organized in the following four papers.
[Paper A] addresses the impact of hardware impairments on ISAC perfor-

mance through an end-to-end model-based ML framework. Unlike prior works
that optimize either the TX or the RX in isolation, [Paper A] proposes the
joint learning of both the ISAC TX and sensing RX, enabling simultaneous
multi-target detection and positioning under hardware impairments. The
framework is trained in a supervised manner using the true positions of the
targets and communication pilot messages as labeled data. Results show that
the proposed approach significantly outperforms conventional model-based
calibration and exhibits good generalization to unseen scenarios.

[Paper B] builds on [Paper A] and addresses a practical limitation of super-
vised learning (SL) in ISAC: collecting labeled target positions is costly and
time-consuming in real sensing deployments. Working in a simplified single-
target version of the scenario in [Paper A], [Paper B] investigates to what
extent labeled data can be reduced. An unsupervised loss function driven solely
by the received signal is proposed, together with semi-supervised learning (SSL)
strategies that combine small amounts of labeled data with unlabeled data.
SSL is observed to match fully SL performance while requiring substantially
fewer labeled samples. However, relying exclusively on the unsupervised loss
still falls short of supervised performance, motivating further investigation.

[Paper C] extends the scenario of [Paper B] to multiple targets and closes
the performance gap identified in [Paper B] with a framework that is entirely
free of labeled data. New unsupervised objective functions tailored to the
multi-target setting are proposed, which outperform those of [Paper B]. Despite
using no labels, the proposed framework performs close to SL and to a system
that has perfect knowledge of the impairments.

[Paper D] takes a complementary direction to [Paper A]–[Paper C]. While
those papers showcase effective ML-based ISAC calibration, they all rely on
LoS propagation and parametric channel models that break down in NLoS
environments. [Paper D] proposes a communication-centric ISAC framework
for positioning that requires neither labeled data nor any explicit channel model,
making it suitable for NLoS scenarios. The approach is based on channel
charting (CC), a self-supervised technique that maps channel measurements to
position estimates, augmented with a digital twin (DT) of the environment to
provide coordinates in a true spatial reference system. Simulation experiments
report improvements over the state of the art together with robustness to
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modeling mismatches and to shifts in the testing conditions.

1.3 Thesis Outline
The thesis is divided into two parts, where the first part lays the principal
foundation components to introduce the appended papers in the second part.
The first part is divided as follows: Chapter 2 presents the fundamentals
of ISAC, including the integration paradigms, the wireless signal models
adopted in this work, and the array calibration problem. Chapter 3 introduces
the ML framework used throughout the thesis, covering the main learning
paradigms and principles that underpin the calibration approaches developed
later. Chapter 4 reviews CSI-based positioning, focusing on model-based
localization, fingerprinting, and CC. Chapter 5 summarizes the papers of
Part II of the thesis and highlights the contribution of the authors. Finally,
Chapter 6 underlines the concluding remarks and future research directions.

1.4 Notation
The notation in the first part of the thesis is as follows. The sets of natural,
real, and complex numbers are denoted as N, R, and C, respectively. The
absolute value is denoted as |x|. The imaginary unit is denoted as ȷ =

√
−1.

Column vectors and matrices are denoted as boldface lowercase and uppercase
letters, respectively. The all-ones vector is denoted as 1. The Euclidean norm
of a vector and the Frobenius norm of a matrix are denoted as ∥a∥2 and
∥A∥F , respectively. The element-wise magnitude of a vector is denoted as |a|.
The two-argument arctangent is denoted as atan2(y, x). The transpose of a
matrix A is denoted as A⊤. The ith element of a vector is denoted as [a]i.
The aggregations of two matrices A ∈ RM×N and B ∈ RM×N along the first
and second dimensions are denoted as [A; B] ∈ R2M×N and [A B] ∈ RM×2N ,
respectively. The matrix vectorization operation is denoted as vec(A). The
Hadamard product is denoted as ⊙. Sets, intervals, and tuples are denoted by
curly, square, and round brackets, respectively. The cardinality of a set X is
denoted as |X |. The probability that a random variable takes the value x is
denoted as Pr(x). The gradient of a function f(x) with respect to the variable
x is denoted as ∇xf(x).
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CHAPTER 2

Integrated Sensing and Communication

ISAC refers to any technology that combines sensing and communication
functionalities to make an efficient use of the wireless channel, hardware,
and resources (e.g., power) [6], [42]. The applications of ISAC range from
technological developments to new use cases [43]. The former includes, among
others, THz imaging, where distributed radio-frequency (RF) transceivers emit
high-frequency signals to reconstruct an image of the environment [44]; or
simultaneous localization and mapping, whose objective is to estimate the
position of landmarks in the environment in addition to the trajectory of the
sensing platform [45], [46]. New use cases include smart cities, where sensing
capabilities can be leveraged to plan traffic, detect pedestrian crossings in
dangerous areas, or enable autonomous driving [47]; DTs, which consist of
digital replicas of the physical world that can be used for real-time planning and
optimization [48], [49]; or physical-layer security, where the sensing capability
is leveraged to enhance secrecy (e.g., via beamforming), authentication, and
detection of attacks such as spoofing or jamming targeting legitimate users [50],
[51].
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2.1 ISAC History
Historically, ISAC research started in the radar community. One of the earliest
implementations of ISAC used pulse interval modulation to embed communica-
tion information in radar pulses [52]. During the 1990s–2000s, various programs
fostered the integration of communication information in radar signals [53],
[54], [55]. In the 2010s, the introduction of orthogonal frequency-division
multiplexing (OFDM) radar helped ISAC gain traction [56]. At the same
time, in the communication landscape, massive multiple-input multiple-output
(mMIMO) [57] and millimeter wave (mmWave) carrier frequencies [58] were
proposed to increase the bandwidth and spatial diversity in communications
and reduce the physical size of the antenna arrays.

These technologies (OFDM, mMIMO, and mmWave) bridged the gap be-
tween sensing and communication. On the one hand, sensing functionalities
could be achieved with traditional communication waveforms [59], [60]. On the
other hand, larger bandwidths and more antenna elements increased the range
and angular resolution in sensing [61]. Thus, ISAC was formally defined in the
early visions of 6G [62] and is now positioned as a cornerstone of its forthcoming
specifications [8], [63]. ISAC is envisioned to provide hardware sharing, energy
savings, and improved channel estimation, among other benefits [64], [65].

2.2 ISAC Paradigms
ISAC technologies can be categorized depending on the level of integration
between sensing and communication [66], as represented in Fig. 2.1.

1. Shared sites: Sensing and communication transceivers are placed on the
same site. For example, a communication BS can benefit from an attached
camera that provides sensing information. In this case, the design of
sensing and communication algorithms is completely independent and
data integration occurs after individual processing of data modalities.

2. Shared spectrum: Sensing and communication transceivers operate in
the same frequency bands and their design must manage their interfer-
ence [67]. For instance, a sensing transceiver can design the waveforms
to reduce the interference to coexisting communication users [68].

3. Shared hardware platform: The same RF hardware is shared for both
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Shared sites

Individual hardware and data modalities

Shared spectrum

Radio-frequency signals with individual objectives

Shared hardware platform

Radio-frequency front-end tradeoffs

Shared waveforms

Beamforming tradeoffs

Shared resources
Highest savings and complexity

Integration level

Figure 2.1: Integration levels in ISAC.

functionalities. For example, a BS that time-multiplexes sensing and
communication functionalities while reusing the same antenna elements
and some RF components such as amplifiers, mixers, or local oscillators.
The main benefits of ISAC stem from saving hardware redundancies.
The joint design must consider the interference, component linearity, dy-
namic range, and antenna isolation between sensing and communication
functionalities [69].

4. Shared waveforms: Sensing and communication use the same transmit
waveform. This allows the same signal-processing blocks to be reused for
both functions. However, joint waveform design must balance the trade-
off between sensing and communication waveform design. A common
approach for waveform design is to maximize the performance of one of
the functionalities while preserving a minimum quality of service for the
other [70].

5. Shared resources: This is the tightest integration level. Hardware
and resource allocation are completely shared. This level offers the
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highest savings, but it implies more complexity between sensing and
communication [71].

On the other hand, ISAC can be further classified depending on the goal of
the system, affecting its design principles [72].

1. Sensing-centric design: The system is designed with a focus on
sensing performance, and communication information is added as an
extra functionality [73].

2. Communication-centric design: It endows communication systems
with sensing capabilities, minimally modifying the communication infras-
tructure [74], [75].

3. Joint design: The ISAC system is designed to optimize both communi-
cation and sensing and obtain a performance trade-off between the two
functionalities [76], [77], [78].

The scope of this thesis is to investigate level 5 of integration. Furthermore,
in [Paper A]–[Paper C], we explore the joint design of an ISAC BS and the
trade-offs between sensing and communication, while [Paper D] investigates a
communication-centric scenario.

2.3 Wireless Signal Models
Most ISAC works rely on mathematical models that describe the propagation
of RF signals in the environment. In the following section, we introduce the
monostatic OFDM radar signal model that forms the basis of [Paper A]–[Paper
C] and illustrate how hardware impairments create a mismatch between the
assumed model and reality. In [Paper A]–[Paper C], we consider the monostatic
ISAC scenario depicted in Fig. 2.2, where a BS uses a uniform linear array
(ULA) of K antenna elements for both transmission and co-located sensing
reception, while simultaneously serving a single-antenna communication RX.
The transmitted signal is an OFDM waveform with S subcarriers and inter-
carrier spacing ∆f .

2.3.1 Sensing Model
At most Tmax targets are present in the sensing environment, each characterized
by a complex channel gain αt (encapsulating path loss and radar cross-section),
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ISAC transceiver

Impairments
Targets

UE

Figure 2.2: ISAC scenario considered for calibration in this thesis. The purple area around
the targets and the communication RX corresponds to the prior information
of their position.

angle θt, and range Rt. The corresponding round-trip delay is τt = 2Rt/c,
where c is the speed of light. The received sensing signal Y ∈ CK×S , collected
across K antennas and S subcarriers, is [56], [79]

Y = 1√
S

T∑
t=1

αtarx(θt)a⊤
tx(φt)f [x⊙ d(τt)]⊤ + W, (2.1)

where T ∈ {0, . . . , Tmax} is the number of targets, atx(φt),arx(θt) ∈ CK
are the transmit and receive steering vectors of the ULA, f ∈ CK is the
transmit beamformer, x ∈ CS collects the OFDM data symbols, d(τt) =
[1 e−ȷ2π∆fτt · · · e−ȷ2π(S−1)∆fτt ]⊤, and W is additive white Gaussian noise
(AWGN). In the monostatic scenario, the TX and RX share the same ULA, so
θt = φt and atx(θ) = arx(θ) = a(θ), with [a(θ)]k = e−ȷ2π(k−(K−1)/2)d sin(θ)/λ

for k = 0, . . . ,K − 1, where d = λ/2 is the antenna spacing and λ = c/fc is
the carrier wavelength.

The steering vector a(θt) encodes angle θt as a linear phase progression
across the K antennas, while d(τt) encodes range Rt = cτt/2 as a linear phase
progression across the S subcarriers. Provided that the targets are separated
by more than the angle–range resolution and lie within the unambiguous
angle–range region of the array and waveform, each target produces a distinct
signature in this two-dimensional spatial-frequency domain. The angle–range
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pairs (θt, Rt) can then be estimated from Y via the orthogonal matching
pursuit (OMP) algorithm [80], [81] over a discrete angle–range grid, exploiting
the knowledge of the transmitted data symbols x available at the co-located
sensing RX in the monostatic setting.

2.3.2 Communication Model
The single-antenna communication RX observes the OFDM signal in the
frequency domain as [79]

yc =
T̃∑
t=1

ψ̃t a⊤
tx(θ̃t)f [x⊙ d(τ̃t)] + n, (2.2)

where yc ∈ CS , T̃ is the number of multipath components, and ψ̃t, θ̃t, τ̃t denote
the complex channel gain, angle of departure, and delay of path t, respectively.
We assume that a LoS link between the TX and the RX always exists, and
we index it as t = 1; the remaining paths (t > 1) are NLoS reflections from
scatterers. This assumption need not hold in general (e.g., under blockage the
LoS component is absent), but it is consistent with the scenarios considered
in [Paper A]–[Paper C]. AWGN n is added at the RX. Equation (2.2) can be
written compactly as yc = k⊙ x + n, where the channel frequency response

k =
T̃∑
t=1

ψ̃t a⊤
tx(θ̃t)f d(τ̃t) ∈ CS (2.3)

collects the effective complex gain across all subcarriers. In general, k is
unknown at the RX and must be estimated from pilot transmissions. However,
in the signal models of [Paper A]–[Paper C], we assume k to be perfectly known
so as to isolate the effect of hardware impairments from channel estimation
errors.

The models in (2.1)–(2.3) assume a nominal, perfectly calibrated steering
vector a(θ). In practice, hardware impairments in the antenna array, such as
gain and phase errors or element displacement, distort the true steering vector
away from its nominal form [24], [82]. This mismatch degrades angle–range
estimation and communication performance when conventional model-based
algorithms are applied, and is the central challenge addressed by [Paper A]–
[Paper C].
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Figure 2.3: Precoder response at the TX. The colored areas correspond to the area where
the targets and the communication RX lie.

2.3.3 Hardware Impairments
Across [Paper A]–[Paper C], the impairment model increases in generality:
[Paper A] and [Paper B] consider antenna displacement impairments (ADIs)
only in monostatic ISAC, while [Paper C] additionally incorporates gain-phase
impairments (GPIs) and extends the scenario to two separate arrays.

In an ideal ULA centered at the origin, element k sits at pideal
k = (k −

(K − 1)/2)λ/2, producing the uniform phase ramp encoded in ax(θ), for
x ∈ {tx, rx}. ADIs perturb each element to a true position pk ̸= pideal

k ,
breaking this uniformity and replacing atx(θ) and arx(θ) in (2.1) with the
impaired steering vector

[ãx(θ; p)]k = e−ȷ2πpk sin(θ)/λ, k = 0, . . . ,K − 1, (2.4)

where p = [p0, . . . , pK−1]⊤ ∈ RK . When the nominal ax(θ) is used in place of
ãx(θ; p), the inner products between the received signal Y and the assumed
steering vectors may no longer peak sharply at the true target angles, causing
mislocalized targets and introducing spurious detections. At the TX, the
beamformer designed for ax(θ) steers energy towards unintended directions,
reducing the effective gain towards both the targets and the communication
RX, as shown in Fig. 2.3.

[Paper C] further introduces GPIs in addition to ADIs, and models the
transmit and receive arrays separately. The impaired steering vector model
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Figure 2.4: ADM at the sensing RX under ideal conditions (left) and hardware impairments
(right). Each peak corresponds to a target; impairments shift the peaks from
their true positions and introduce spurious lobes.

becomes
[ãx(θ; γx,px)]k = γx,k e

−ȷ2πpx,k sin(θ)/λ, (2.5)

where γx = [γx,0, . . . , γx,K−1]⊤ ∈ CK and px = [px,0, . . . , px,K−1]⊤ ∈ RK . We
assume that px,0 < · · · < px,K−1 and |γx,k| ≤ 1 to ensure spatial ordering and
no signal amplification, respectively.

The effect of hardware impairments on the sensing RX is illustrated in
Fig. 2.4. The angle–delay map (ADM) is a two-dimensional representation of
the matched-filter response of Y across a grid of candidate angles and delays.
Under ideal conditions each target produces a well-defined peak at its true
angle–range position. As shown in the figure, hardware impairments shift these
peaks and introduce spurious lobes, ultimately hindering target detection and
position estimation.

2.4 Array Calibration
Array calibration refers to the process of estimating the unknown hardware
impairment parameters from received signals so that the beamformer and
signal processing algorithms, which rely on the nominal steering vector a(θ),
can be corrected to operate with the true array response [83]. In the context of
this thesis, we denote by ϕ the vector of unknown impairment parameters. In
the monostatic ADI model (2.4), ϕ = p; or in the GPI and ADI model (2.5),
ϕ = [γtx; γrx; ptx; prx]. Calibration amounts to estimating ϕ from a set of
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received signals. In conventional array processing, this is typically carried
out in a dedicated calibration stage that relies on controlled inputs such as
calibration sources at known angles, reference measurements obtained in an
anechoic chamber, or probe signals injected through auxiliary hardware [83]. In
this thesis, by contrast, we estimate ϕ directly from the signals received during
normal system operation, exploiting the communication and sensing waveforms
already present in the ISAC link. Two broad families of methods exist for
this task: model-based approaches, which exploit the known mathematical
structure of the received signal to formulate an estimation problem, and
data-driven approaches, which learn from data either a corrected downstream
representation (e.g., a calibrated beamformer or ADM) or, as pursued in this
thesis, the underlying impairment parameters ϕ themselves. We describe both
in the following subsections and discuss their applicability to the ISAC setting
of this thesis.

2.4.1 Model-Based Calibration

To isolate the signal structure relevant for calibration, we focus for illustra-
tive purposes on the sensing component of the ISAC system and consider a
monostatic ISAC TX that uses a known constant-amplitude pilot waveform x.
Dividing the received sensing signal Y from (2.1) element-wise by the known
pilot symbols xs, and substituting the impaired steering vector (2.4)–(2.5),
yields the pilot-normalized sensing signal Ỹ ∈ CK×S with model

Ỹ = 1√
S

T∑
t=1

αt ã(θt; ϕ) d⊤(τt) + W̃, (2.6)

where W̃ is the AWGN after pilot normalization and αt absorbs the transmit
gain ã⊤(θt; ϕ)f . The impairment vector ϕ enters (2.6) nonlinearly through
ã(θt; ϕ), coupled with the unknown target parameters {(θt, τt, αt)}Tt=1.

Conventional calibration methods exploit the signal structure of (2.6) to
formulate the joint estimation of impairment and target parameters as an opti-
mization problem. Since this joint problem is not identifiable in general, these
methods rely on additional structural assumptions to resolve the ambiguity
between ϕ and the target parameters such as source noncoherence, angular-
domain sparsity, or multiple independent snapshots. The direct formulation is

19



Chapter 2 Integrated Sensing and Communication

a least squares (LS) problem,

min
ϕ, {θt, τt, αt}T

t=1

∥∥∥∥∥Ỹ− 1√
S

T∑
t=1

αt ã(θt; ϕ) d⊤(τt)

∥∥∥∥∥
2

F

. (2.7)

Since ϕ, {θt}, and {τt} appear nonlinearly in (2.7), the problem is non-convex
and its direct minimization is computationally expensive. A standard strategy
is to alternate between estimating the target parameters {(θt, τt)} for fixed
ϕ, and updating ϕ for fixed target parameters. Alternatively, a Bayesian
framework that assigns a sparsity-promoting prior over the angular domain
estimates the impairment and source parameters jointly via the expectation-
maximization algorithm [84]. For GPIs (i.e., when ϕ includes γx), gridless
approaches based on atomic norm minimization [85] and methods based on
low-rank and row-sparse matrix decomposition [86] have been proposed to
estimate γx jointly with the source directions.

When the assumed signal model is accurate and the signal-to-noise ratio
(SNR) is sufficient, these model-based approaches offer, in some cases, well-
understood convergence properties and Cramér-Rao lower bounds on the
achievable calibration accuracy [84]. However, two specific conditions are
not met in the monostatic ISAC setting of this thesis. First, most existing
methods assume noncoherent sources [84], [86], [87] and break down when two
or more sources are coherent, i.e., when one is a scaled and delayed copy of
another. This is precisely the monostatic case: all target returns originate
from the same transmitted waveform and are therefore coherent, which can
cause subspace methods to fail. Second, most existing methods address a
single type of impairment in isolation [85], [86], and extending them to the
joint GPI and ADI model of (2.5) with separate TX and RX arrays requires
significant reformulation.

2.4.2 Data-Driven Calibration
While the model-based approach in Sec. 2.4.1 exploits the analytical structure
of the propagation model in (2.6) to derive estimators for ϕ, data-driven
calibration estimates the impairment parameters directly from the received
signals themselves, fitting the impaired array response to signals collected
during system operation. The learning framework underlying these approaches,
together with the way it reuses the conventional ISAC algorithms of Sec. 2.4.1
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as its computational backbone, is the subject of Chapter 3.
A central practical question for data-driven calibration in deployed ISAC

systems is what reference information the calibration procedure has access to.
The most direct setting assumes a collection of received signals paired with the
corresponding ground-truth target parameters {(θt, τt)}, obtained by placing
calibration targets at precisely known angle–range positions. Such reference
measurements provide strong guidance for estimating ϕ, but they are costly
to acquire and often infeasible to maintain in dynamic sensing environments,
in which the impairments themselves may drift over time. This motivates
calibration approaches that reduce, or entirely remove, the need for reference
measurements, relying instead on the structural properties of the received
signal in (2.6).

[Paper A]–[Paper C] develop data-driven calibration for the monostatic
ISAC setting of Sec. 2.3, with progressively weaker reference-measurement
requirements and addressing the simultaneous calibration of both the TX
and RX arrays.The specific estimation procedures, the way the conventional
ISAC algorithms are repurposed as data-driven estimators, and the resulting
contributions of each paper are presented in Chapter 3.
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CHAPTER 3

Machine Learning

ML deals with learning, reasoning, and acting based on data without explicit
specifications of the steps to achieve a concrete task [88]. In the context of
ISAC, this implies that ML algorithms do not require an explicit mathematical
description of the system, a property that makes them well suited to the
hardware impairments and complex propagation environments that challenge
model-based ISAC in next-generation wireless systems. This chapter presents
the ML tools used in [Paper A]–[Paper D].

Sec. 3.1 introduces the general ML framework adopted throughout the
thesis, formulated as a parametric function fθ whose parameters are optimized
via mini-batch stochastic gradient descent (SGD), with particular emphasis
on end-to-end learning across the full ISAC processing chain and on the
generalization of the trained model under distribution shifts at inference.
Sec. 3.2 distinguishes the three ML paradigms employed in [Paper A]–[Paper C]:
(i) supervised, (ii) unsupervised, and (iii) semi-supervised. Sec. 3.3 introduces
the multilayer perceptron (MLP), the neural network (NN) architecture used
in [Paper D] when no analytical model of the input–output mapping is available.
Finally, Sec. 3.4 presents model-based machine learning (MB-ML), where
learnable parameters are embedded within conventional ISAC signal processing
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algorithms, as adopted in [Paper A]–[Paper C].

3.1 Machine Learning Framework
This thesis focuses on ML algorithms that operate through a parametric
function fθ(x), with learnable parameters θ ∈ O, which maps an input x
to an estimated output ŷ. The parameters θ belong to a feasible set O and
must be optimized to accurately perform a specific ISAC task, e.g., detecting
and localizing radar targets under hardware impairments [Paper A]–[Paper
C]. This optimization is carried out during a training phase over a dataset
of observed samples, as described next. The choice of loss function used for
training, discussed in Sec. 3.2, determines the ML type; and the structure of
fθ, discussed in Sections 3.3 and 3.4, determines the ML model.

3.1.1 Training
Given a dataset of N input–output pairs {(x(i),y(i))}Ni=1, the training objective
is to find the parameters θ⋆ that minimize the average per-sample loss over
the dataset:

θ⋆ = arg min
θ∈O

L(θ), L(θ) = 1
N

N∑
i=1

ℓ
(
fθ(x(i)), y(i)

)
, (3.1)

where ℓ(·, ·) is a per-sample loss that depends on the estimated output fθ(x(i))
and, depending on the ML type, on labeled data y(i) or on side information
derived from the observations (see Sec. 3.2). Note that L(θ) depends on θ

through fθ(·).
In general, no closed-form solution exists for (3.1), hence θ⋆ is approximated

through iterative first-order optimization. A common choice to solve (3.1) is
gradient descent [89]. Since L(θ) is typically non-convex in θ, this procedure
is not guaranteed to reach a global minimizer. Nevertheless, gradient-based
optimization has proven empirically effective for training ML models [90] and
is the framework adopted in [Paper A]–[Paper D]. Evaluating the gradient of
L(θ), however, requires computing ℓ over all N samples per iteration, which
becomes prohibitively expensive for large datasets. Mini-batch SGD addresses
this by approximating the full gradient using a randomly sampled mini-batch
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B ⊆ {1, . . . , N} at each iteration, defining the mini-batch loss

LB(θ) = 1
|B|

∑
i∈B

ℓ
(
fθ(x(i)), y(i)

)
. (3.2)

This reduces the computational cost per iteration and introduces stochastic
noise that in some cases can help escape local minima [91]. Starting from an
initial θ(0), the SGD update at iteration k is

θ(k) = θ(k−1) − η∇θLB(θ(k−1)), (3.3)

where η > 0 is the learning rate and a new mini-batch B is drawn randomly at
each iteration.

For (3.3) to be applicable, fθ must be differentiable with respect to θ, so that
the gradient ∇θLB can be computed via, for instance, backpropagation [92]. As
a matter of fact, in [Paper A] and [Paper B], fθ corresponds to a conventional
ISAC signal processing algorithm implemented as a differentiable computational
graph, enabling gradient-based training. The structure of fθ for [Paper A]–
[Paper D] is detailed in Sections 3.3 and 3.4.

3.1.2 End-to-End Learning
Conventional system design optimizes each processing block independently,
which can only guarantee local optimality for each component in isolation. For
example, ML has been applied individually to tasks such as channel estima-
tion [93], signal detection [94], and beamformer design [95], each trained with
a component-specific loss. End-to-end learning instead trains all components
jointly by backpropagating a single system-level loss through the entire pro-
cessing chain, allowing the TX to shape its output to facilitate the sensing and
communication tasks at the RX, and the RX to be optimized for the signal
it will actually observe during deployment [37]. This joint optimization has
been shown to outperform independent block-wise training in communication
systems [37], [96] and radar systems [97].

For the monostatic ISAC scenario of Sec. 2.3, the end-to-end chain spans
the transmit beamformer f and the sensing and communication processing of
the received signals Y in (2.1) and yc in (2.2). In [Paper A]–[Paper C], end-
to-end learning jointly optimizes f and the sensing RX, which share learnable
parameters θ representing the hardware impairments affecting both arrays. As
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discussed in Sec. 2.3, these impairments distort both the emitted beampattern
at the TX and the steering vectors at the sensing RX, thus optimizing either
component in isolation against a local objective does not necessarily translate
into gains in the overall ISAC performance.

However, conventional ISAC signal processing algorithms may contain dis-
crete selection and optimization steps that are not differentiable, obstructing
gradient flow during backpropagation. In [Paper A] and [Paper B], differ-
entiability is obtained by replacing such operations with smooth surrogates,
enabling gradient-based end-to-end training through the full chain.

3.1.2.1 End-to-end Training Through the Channel

A fundamental requirement for end-to-end training is that the gradient of the
system-level loss can flow back through every element of the processing chain,
including the channel. Reaching the TX parameters via backpropagation
requires the channel to be differentiable with respect to its inputs, a condition
that holds only when a known differentiable channel model is available at
training time. The wireless channel is a stochastic mapping whose distribution
is generally unknown at the TX and is observable only through its inputs
and outputs [98]. Even when a parametric channel model is available, the
transmitted signal may pass through operations with no well-defined gradient,
such as digital-to-analog conversion or discrete modulation, further obstructing
gradient flow [98].

The available strategies split into offline training, performed before deploy-
ment using a fixed channel model as a stand-in for the real channel, and in-situ
training, performed with the real channel during operation. Two offline variants
have been proposed. When a known differentiable channel model is available,
such as the AWGN or a Rayleigh fading model, it can be incorporated directly
into the computational graph and gradients are computed analytically [37].
When the channel model is unknown or too complex to differentiate, an NN
can be trained to approximate it from input–output measurements and used
as a differentiable surrogate during backpropagation [99]. In both offline cases
the channel model is fixed before TX optimization, whereas updating the TX
shifts the distribution of signals entering the channel and can drive the model
inaccurate at the operating point reached by the trained TX. The in-situ strat-
egy, by contrast, avoids any differentiable channel model: the gradient of the
expected loss with respect to the TX parameters is approximated using only
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a known perturbation distribution at the TX, without access to the channel
gradient [98].

In [Paper C], the in-situ strategy is adopted. The transmit precoder is
perturbed by a known random distribution, and the gradient of the expected
loss is estimated using only the statistics of that perturbation instead of the
channel gradient.

3.1.3 Inference
Once training is concluded, the SGD update in (3.3) returns a set of trained
parameters θ̂, which approximate the global minimizer θ⋆ in (3.1). During
inference, θ̂ is held fixed and the model computes ŷ = fθ̂(x) for a new, unseen
input x in a single forward pass without any gradient computation.

A desirable property of the trained model is good generalization: the ability
to maintain accurate predictions on inputs not seen during training, regardless
of whether they follow the training distribution [100]. Generalization becomes
particularly challenging under distribution shift, where the test distribution
differs from the training distribution. In wireless systems, distribution shifts
arise naturally. For instance, the propagation environment may change after
deployment, users may operate at locations or under channel conditions not en-
countered during training, or system parameters may vary across deployments.
A model that fails to generalize under such shifts will degrade in performance
even if it performed well on training data, which is particularly problematic
when collecting new labeled data to retrain is costly or impractical.

Generalization under distribution shift is therefore an important criterion for
evaluating ML models in the context of this thesis. In [Paper A], generalization
is assessed by testing on target angular sectors outside the range seen during
training. In [Paper C], the model is trained at a fixed SNR and evaluated
at different SNR levels. In [Paper D], distribution shifts are introduced by
changing the height of the UE and by introducing new reflecting elements into
the environment after the model has been deployed.

3.2 Types of Machine Learning
The form of the per-sample loss ℓ in (3.1) depends on what data is available
during training. We distinguish three types of ML used in this thesis, each
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corresponding to a different assumption on the availability of labeled outputs
y(i).

3.2.1 Supervised Learning
In SL, a ground-truth label y(i) is available for every input sample x(i), and the
per-sample loss measures the discrepancy between the estimated and labeled
outputs [88]. The specific form of the loss depends on the nature of the
output. For instance, measuring the discrepancy between an estimated target
position and its ground-truth counterpart requires a vector-valued loss [Paper
B], whereas measuring the discrepancy between an estimated set of target
positions and a ground-truth set of unknown cardinality requires a set-valued
loss [Paper A]. In the following, we describe two types of SL problems that
arise in this thesis, each associated with different loss functions.

3.2.1.1 Regression

In regression tasks, the output contains quantitative values that can be ordered.
When the output is a single vector, a standard choice is the mean squared
error (MSE) loss [88]:

ℓMSE
(

ŷ(i),y(i)
)

= ∥ŷ(i) − y(i)∥2
2. (3.4)

For example, in [Paper B], MSE regression is used to estimate the position
of a single radar target: ŷ(i) is the estimated target position and y(i) is the
ground-truth position collected during a measurement campaign. In [Paper D],
fingerprinting, one of the baselines to compare against our proposed approach,
also relies on MSE regression, as discussed in Sec. 4.3.

The MSE loss assumes a fixed size of the output, e.g., a fixed number
of targets. In [Paper A], however, the number of targets present in the
environment is unknown and variable, so the estimated output ŷ(i) is a set of
positions rather than a single vector. Applying MSE in this case requires a fixed
assignment between estimated and ground-truth targets, which is undefined
when their cardinalities differ. Instead, [Paper A] employs the generalized
optimal sub-pattern assignment (GOSPA) loss [101]. Let γ > 0, 0 < µ ≤ 2 and
1 ≤ p <∞. Let Y = {y1, ...,y|Y|} and Ŷ = {ŷ1, ..., ŷ|Ŷ|} be the finite subsets
of R2 corresponding to the true and estimated target positions, respectively,
with 0 ≤ |Y| ≤ Tmax, 0 ≤ |Ŷ| ≤ Tmax, and Tmax the maximum number of

28



3.2 Types of Machine Learning

targets. Let d(y, ŷ) = ∥y− ŷ∥2 be the distance between true and estimated
positions, and d(γ)(y, ŷ) = min(d(y, ŷ), γ), where γ is the cut-off distance. Let
Πn be the set of all permutations of {1, ..., n} for any n ∈ N and any element
π ∈ Πn be a sequence (π(1), ..., π(n)). For |Y| ≤ |Ŷ|, the GOSPA loss function
is defined as

ℓ(γ,µ)
p (Y, Ŷ) =

(
min
π∈Π|Ŷ|

|Y|∑
i=1

d(γ)(yi, ŷπ(i))p + γp

µ
(|Ŷ| − |Y|)

) 1
p

. (3.5)

If |Y| > |Ŷ|, ℓ(γ,µ)
p (Y, Ŷ) = ℓ

(γ,µ)
p (Ŷ,Y).

3.2.1.2 Classification

In classification tasks, the output belongs to one of C discrete classes {cj}Cj=1.
The parametric function outputs a probability vector ŷ(i) ∈ [0, 1]C , with
1⊤ŷ(i) = 1, where the jth element approximates the posterior probability
Pr(cj |x(i)). The label y(i) is the one-hot encoding of the true class [102, Ch. 5].
A standard loss for classification is the categorical cross-entropy (CCE) [103]:

ℓCCE
(

ŷ(i),y(i)
)

= −
C∑
j=1

[
y(i)

]
j

log
([

ŷ(i)
]
j

)
. (3.6)

In [Paper A], the CCE loss is used for communication symbol detection at the
RX: ŷ(i) is the estimated symbol probability vector and y(i) is the one-hot
encoding of the true transmitted symbol.

3.2.2 Unsupervised Learning
In unsupervised learning (UL), no labeled outputs are available. The per-
sample loss depends only on the estimated output and on side information
derived from the structure of the observations, without access to ground-truth
labels [88]. The key challenge in UL is constructing a loss ℓUL that is minimized
when fθ performs the intended task accurately, despite the absence of labels.
A natural approach is to design a proxy loss from observable quantities that
serves as a surrogate for the supervised objective.

For example, when system parameters are unknown, a proxy loss can be
constructed from the discrepancy between the received signal and its recon-
struction under the current parameter estimate. In [Paper C], ADIs and GPIs
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ϕ of the transmit and receive array corrupt the OFDM signal and are unknown
during deployment. The impairments are learned by minimizing the reconstruc-
tion error between the received signal matrix Y and its reconstruction Ŷ(ϕ)
under the estimated impairments and current target parameter estimates:

ℓUL(ϕ) = ∥Y− Ŷ(ϕ)∥2
F . (3.7)

This loss is minimized when ϕ matches the true impairments, since only the
correct estimate yields a reconstruction consistent with the received signal,
requiring no labeled target positions.

3.2.3 Semi-Supervised Learning

SSL lies between SL and UL, incorporating a supervised loss over labeled sam-
ples alongside an unsupervised loss over the available data. This combination
is particularly valuable when labeled samples are scarce or expensive to collect:
using SL alone is constrained by the number of available labels, while UL
alone may converge to solutions that minimize ℓUL without aligning with the
intended task.

In the ISAC context of [Paper B], SSL is realized by first training fθ

with ℓMSE over the small labeled subset to initialize the parameters in a
meaningful region, and then optimizing with ℓUL over all available data. This
strategy reduces the number of labeled position measurements required to
reach performance comparable to fully supervised training.

3.3 Neural Networks

NNs are parametric functions fθ structured as compositions of layers, where
each layer applies a learnable linear transformation followed by a nonlinear
activation. This layered structure enables NNs to approximate complex input–
output mappings that are difficult to characterize analytically [104, Ch. 4]. In
this section, we describe the MLP, the NN architecture employed in [Paper D].
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Figure 3.1: Example of an MLP.

3.3.1 Multilayer Perceptron
The MLP consists of an input layer, an output layer, and one or more hidden
layers, as illustrated in Fig. 3.1. The output of the lth layer is

x[l] = σ[l]
(

W[l]x[l−1] + b[l]
)
, (3.8)

for l = 1, . . . , L, where L is the number of layers, x[0] is the MLP input, σ[l](·)
is the nonlinear activation function of the lth layer, and θ[l] =

[
W[l] b[l]

]
are its learnable parameters. The input and output dimensions are fixed
by the application, while the dimension of each hidden layer corresponds to
the number of neurons in that layer. Designing an MLP involves, among
other choices, selecting the number of layers, neurons per layer, and activation
functions.

Nonlinear activation functions allow the MLP to approximate complex input–
output mappings that affine transformations alone cannot represent. Under
mild regularity conditions and sufficient network size, MLPs are universal
function approximators [105, Ch. 13]. Fig. 3.2 shows two representative
examples of nonlinear activation functions. The rectified linear unit maintains
a nonzero gradient for positive inputs, which can help mitigate the vanishing
gradient problem [106]. The sigmoid activation constrains the output to the
interval [0, 1], making it suitable for the output layer when the target output
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Figure 3.2: Examples of nonlinear activation functions.

lies in a bounded range.
For classification tasks, the output of the MLP should form a probability

vector with entries summing to one. This is achieved by the softmax activation,
defined elementwise as

[y]i = exp([z]i)∑C
j=1 exp([z]j)

, (3.9)

where z ∈ RC is the pre-activation output of the last layer and y ∈ [0, 1]C is
the resulting probability vector. This output can be used together with the
CCE loss in (3.6) for classification tasks.

3.4 Model-Based Machine Learning
The ML types described in Sec. 3.2 characterize the training objective through
the choice of loss ℓ, but place no restriction on the structure of the parametric
function fθ. For [Paper D], the MLP of Sec. 3.3 is a suitable choice, as no
reliable analytical model for the mapping of interest is available. In [Paper
A]–[Paper C], however, well-established ISAC signal processing algorithms exist
for the transmit beamforming and sensing tasks, and these algorithms encode
domain knowledge that a generic MLP would need to learn entirely from data.
Rather than replacing these algorithms with a generic architecture such as
the MLP, MB-ML introduces learnable parameters θ at selected stages of the
conventional algorithms, using their computation structure as the blueprint
for fθ [107].

Compared to the MLP, MB-ML typically requires fewer training samples,
since the algorithm structure already encodes domain knowledge that would
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otherwise need to be learned from data. Compared to the conventional algo-
rithm, MB-ML can compensate for model mismatch by adjusting its learnable
parameters, without requiring an explicit analytical characterization of the
discrepancy. However, these benefits diminish if the assumed computation
structure deviates substantially from the true underlying system, in which case
the learnable parameters may not suffice to compensate for the mismatch.

A key design decision in MB-ML is the choice of parameterization. Some
approaches substitute selected stages of the conventional algorithm with black-
box NNs that learn the required mapping from data without any structural
constraint [108]. When the unknown quantities appear explicitly in the algo-
rithm’s mathematical expressions, such as hardware impairment parameters
that enter the signal model, the learnable parameters can instead be chosen
to directly represent those physical variables within the algorithm, yielding
a more compact representation that requires less training data and whose
parameters retain physical meaning.

In [Paper A], the conventional ISAC algorithms for transmit beamforming
and target sensing rely on ideal models of the antenna array; hardware im-
pairments corrupt these models, causing the steering vectors used by both
the beamformer and sensing RX to deviate from reality. Rather than replac-
ing the affected components with black-box NNs, [Paper A] introduces the
unknown impairments directly as the learnable parameters θ. Two levels of
structure are explored: dictionary learning introduces a free matrix of steering
vectors, offering flexibility at the cost of more learnable parameters, while
impairment learning directly parameterizes the hardware impairments with
a compact, physically interpretable set of parameters. Impairment learning
is shown to outperform dictionary learning, as the more compact physical
parameterization leads to faster convergence and better performance when
the impairment structure is known. This motivates its adoption in [Paper B]
and [Paper C], where the same parameterization is retained and the training
regime is extended to semi-supervised and unsupervised settings, respectively.

In the calibration setting of [Paper A]–[Paper C], the learnable parameters θ

are the hardware impairment vector ϕ of Sec. 2.4, and the parametric function
fθ is formed by the conventional ISAC sensing algorithm instantiated with the
current impairment estimate. Training follows the MB-ML loop of Sec. 3.1. At
each iteration, a batch of received signals {Y(i)}i∈B is processed by the sensing
algorithm to produce target parameter estimates {θ̂(i)

t , τ̂
(i)
t }i∈B, the loss ℓ
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is evaluated against available reference information, and the gradient ∇ϕ ℓ

is backpropagated through the algorithm to update ϕ via mini-batch SGD.
The nature of that reference information determines the learning paradigm.
[Paper A] operates in a supervised regime, constructing ℓ from signal–position
pairs {(Y(i), θ

(i)
t , τ

(i)
t )}i∈B obtained from calibration sources at known locations.

[Paper B] extends this to a semi-supervised setting, where a small labeled set
is supplemented with unlabeled operational signals, reducing the number of
reference measurements required. [Paper C] removes the need for position
labels entirely by constructing ℓ from the structural properties of the signal
model (2.6), yielding a fully unsupervised calibration procedure.
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CHAPTER 4

CSI-Based Positioning

Chapters 2 and 3 established the ML tools and the monostatic ISAC signal
model that underpin [Paper A]–[Paper C]. In those papers, the entities to be
localized are passive targets that do not transmit any signal of their own: their
position is recovered by an ISAC BS from the backscattered version of a self-
emitted waveform, under the assumption of LoS propagation between the BS
and the target. The present chapter considers a distinct but related problem,
hereafter referred to as positioning, in which the entities to be localized are
UEs that actively transmit pilot signals to a network of distributed APs,
and whose position is inferred from the resulting uplink CSI. The classical
approach to this problem mirrors the model-based estimation methodology of
Chapter 2: an explicit channel model links the UE position to the observed
CSI through the geometry of the LoS path, and the position is recovered
by inverting that relation across the network of APs. This model-based
positioning paradigm is reviewed in Sec. 4.2, where it serves as the conceptual
and notational baseline for the rest of the chapter. Its applicability, however,
rests on two assumptions that are difficult to meet in practice, i.e., that
the propagation channel admits an accurate parametric description and that
a LoS path is available between each UE and a sufficient number of APs.
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The latter is particularly restrictive in the dense indoor deployments that
motivate UE positioning, where walls, furniture, and other physical objects
frequently obstruct the LoS path and give rise to NLoS propagation. Under
such conditions, the geometric relations exploited by model-based estimators
no longer hold reliably, motivating data-driven alternatives that learn the
CSI-to-position mapping directly from measurements. The goal of this chapter
is to introduce both families of positioning methods, culminating in the CC
technique that underlies [Paper D].

4.1 The Positioning Problem
We formalize here the positioning problem for a distributed multiple-input
multiple-output (D-MIMO) scenario. Consider a network of A APs deployed in
the environment, each equipped with K antennas, and a set of UEs equipped
with L antennas each. A multiple-access protocol schedules the UE transmis-
sions so that the signal received at AP a at timestamp t(n) originates from a
single UE located at the unknown position x(n) ∈ RD, with D ∈ {2, 3}. The
UE transmits an OFDM pilot signal over S subcarriers known at all APs,
and AP a estimates the corresponding CSI matrix H(a,n) ∈ CK×S , which is
corrupted by AWGN. Stacking the per-AP CSI matrices along the antenna
dimension yields the aggregated CSI matrix

H(n) =
[
H(1,n); · · · ; H(A,n)] ∈ CM×S , M = AK, (4.1)

which constitutes the radio observation available to the network for positioning
at timestamp t(n). The dataset of unlabeled observations collected over N
transmissions is denoted by {H(n), t(n)}Nn=1.

The positioning problem consists of designing an estimator

f : CM×S → RD, x̂(n) = f
(
H(n)), (4.2)

that maps the observed CSI matrix to an estimate x̂(n) of the UE position
x(n). Following [Paper D], we measure the quality of the estimator by two
complementary metrics. The first is the mean distance error (MDE)

MDE = 1
N

N∑
n=1
∥x̂(n) − x(n)∥2, (4.3)

36



4.2 Model-Based Positioning

which captures the average positioning accuracy. The second is the 95th-
percentile distance error, defined as the smallest value ρ95 such that at least
95% of the distance errors {∥x̂(n) − x(n)∥2}Nn=1 are below ρ95, which captures
the tail behavior of the estimator.

The three positioning paradigms reviewed in the remainder of this chapter
differ in how the estimator f in (4.2) is constructed and in what side infor-
mation is assumed at design time. Sec. 4.2 first describes the model-based
paradigm, which establishes the baseline for the chapter and makes explicit the
LoS-assumption limitations that motivate the data-driven paradigms presented
next. Sections 4.3 and 4.4 then present two such data-driven paradigms, finger-
printing and CC, which learn f from labeled and unlabeled CSI measurements,
respectively.

4.2 Model-Based Positioning
Model-based positioning constructs the estimator f in (4.2) from the parametric
channel model linking the per-AP CSI H(a,n) to the UE position x(n). After
pilot normalization, the CSI at AP a admits the multipath decomposition [109]

H(a,n) =
T (a,n)∑
t=1

α
(a,n)
t a(θ(a,n)

t )d⊤(τ (a,n)
t ) + W(a,n), (4.4)

where T (a,n) is the number of multipath components between the UE and AP
a at timestamp t(n), α(a,n)

t ∈ C is the complex gain of path t, θ(a,n)
t and τ (a,n)

t

are the corresponding AoA and propagation delay, and W(a,n) collects the RX
AWGN. Equation (4.4) is the uplink counterpart of the monostatic sensing
model (2.1) of Chapter 2, with the round-trip replaced by a one-way link to
an AP located at the known position p(a) ∈ RD.

The UE position enters (4.4) only through the LoS path (t = 1), whose
delay and AoA satisfy

τ
(a,n)
1 = ∥x(n) − p(a)∥2/c, θ

(a,n)
1 = atan2

(
[x(n) − p(a)]2, [x(n) − p(a)]1

)
.

(4.5)
Model-based estimators exploit (4.5) in two steps: extract the LoS parame-
ters {(θ(a,n)

1 , τ
(a,n)
1 )}Aa=1 from {H(a,n)}Aa=1, e.g., via subspace methods [110],

OMP [80], [81], or atomic-norm minimization [85]; then invert the geometry
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through triangulation, trilateration, or time difference of arrival [111], [112]. Di-
rect positioning methods instead search RD by jointly maximizing a likelihood
over {H(a,n)}Aa=1 [113].

When the LoS path is resolvable and the arrays are calibrated, this approach
yields an interpretable estimate from a single CSI snapshot with no training
data. Under NLoS, however, the LoS parameters are unobservable, (4.5) cannot
be enforced, and substituting an NLoS path introduces a bias that does not
vanish with SNR. NLoS identification and mitigation techniques [111], [112]
require either enough APs in LoS or accurate prior knowledge of the multipath
structure, neither of which is generally available in dense indoor deployments.
This limitation motivates the data-driven paradigms that follow, where the
mapping f is learned directly from CSI and the multipath structure becomes
a discriminative signature rather than a source of bias.

4.3 Fingerprinting
Fingerprinting addresses the positioning problem in a purely data-driven
manner, bypassing the need for an explicit channel model. The underlying
idea is that a UE at a given position generates a CSI matrix H(n) whose
structure is determined by the surrounding environment, including reflections,
diffractions, and other multipath effects, and by the hardware of the APs and
the UE. Although the relationship between H(n) and the UE position x(n)

is too complex to be captured analytically in NLoS environments, it can be
learned from a representative database of CSI–position pairs.

CSI fingerprinting operates in two phases [114], [115], as illustrated in
Fig. 4.1. In the offline training phase, a labeled dataset {H(n),x(n)}Nn=1 is
collected by recording the CSI measured at the APs while a UE traverses the
deployment area at known positions. The estimator f in (4.2) is parameterized
as a learnable function gθ : CM×S → RD with parameters θ, typically an NN.
Identifying the estimated output with gθ(H(n)) and the ground-truth label with
x(n), the supervised training objective for fingerprinting becomes a particular
case of the MSE regression loss in (3.4), which yields the trained parameters
θ̂. In the online inference phase, the trained function is applied to each newly
observed CSI matrix to produce the position estimate x̂(n) = gθ̂(H(n)).

Because fingerprinting directly minimizes the squared positioning error on
the training dataset, it usually attains the best positioning accuracy achiev-
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Offline phase (training)
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Online phase (inference)

AP1 AP2

AP3 AP4

Unseen x(n)
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H(n) x̂(n)

Figure 4.1: Operating principle of CSI fingerprinting, consisting of an offline training phase
and an online inference phase.

able from the available labeled data in NLoS scenarios [116], [117], and is
therefore commonly used as a benchmark and as an empirical lower bound
on the positioning error of data-driven positioning methods. In [Paper D],
fingerprinting is trained on the labeled ground-truth UE positions and used
as the supervised reference against which the proposed label-free positioning
estimators are compared, so that the gap between the two reflects the cost of
operating without labeled CSI–position pairs. In addition, since no parametric
channel model is assumed, fingerprinting is applicable under NLoS conditions,
where the multipath structure induced by reflections and diffractions acts as
a discriminative feature rather than as a source of bias, which has made it a
popular technique for indoor positioning with WiFi CSI [114], [115].

The main limitation of fingerprinting is the cost of constructing the labeled
dataset. Collecting CSI at a sufficiently dense set of reference positions
throughout a real deployment area requires an extensive measurement campaign
that must be repeated whenever the environment significantly changes, e.g.,
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due to furniture rearrangements or the addition of new obstacles. Furthermore,
as the number of labeled samples decreases, the trained function gθ̂ must
extrapolate to spatial regions that were poorly covered during training, and
the positioning accuracy degrades accordingly. The results reported in [Paper
D] illustrate both effects: although fingerprinting attains the lowest positioning
error when the entire labeled dataset is used, its accuracy degrades substantially
as the fraction of retained labels is reduced, and it is eventually surpassed by
self-supervised approaches that do not rely on labels at all. This dependence
on labeled data motivates the CC framework described next.

4.4 Channel Charting
CC [118] addresses the positioning problem of Sec. 4.1 in a self-supervised
manner: it parameterizes the estimator f in (4.2) as a learnable function gθ that
is trained without any CSI–position pairs. As in fingerprinting, CC exploits
the position-dependent structure of H(n), which makes it applicable to NLoS
scenarios where parametric channel models fail. Unlike fingerprinting, however,
CC replaces the supervised MSE loss in (3.4) with self-supervised objectives
that rely on side information about the relations between observations rather
than on absolute position labels. Once trained, the resulting chart can be
exploited for downstream applications such as pilot allocation [119], beam
management [120], [121], and channel capacity prediction [122].

The general CC pipeline, illustrated in Fig. 4.2, is composed of three building
blocks. The first block extracts large-scale features from the raw CSI, which
ignores, for instance, phase shifts produced by poorly synchronized APs [123].
A typical choice is the amplitude-normalized vectorization f = |h|/∥h∥2 with
h = vec(H). The second block is a learnable charting function gθ that maps
these features to the low-dimensional position estimates that constitute the
channel chart. It is typically implemented as an NN, in contrast to classical non-
parametric dimensionality-reduction techniques such as Sammon’s mapping,
which jointly embed the training samples but do not provide an explicit function
evaluable on new CSI [118] and are therefore impractical for online positioning.
The third block is a self-supervised loss that encourages the chart to preserve
the geometry of the underlying UE positions. For instance, the Siamese loss
of [124] passes pairs of CSI samples through two NNs with shared parameters
and penalizes the mismatch between the pairwise distance in feature space
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Figure 4.2: General CC block diagram.

and the pairwise distance in chart space, while [125] enforces that pairs of
CSI samples whose normalized features are similar up to a phase rotation
are mapped to nearby chart points. [Paper D] adopts the timestamp-based
triplet loss of [126], which exploits the timestamps of the transmissions as side
information.

The central limitation of CC for downstream positioning use is illustrated
in Fig. 4.3. Although the local geometry of the chart reflects the relative
arrangement of the UEs, the chart itself lies in an arbitrary coordinate system
that is not aligned with the physical environment. Some positioning use
cases require estimates in a global reference frame, e.g., for navigation [127],
beam management [128], or handover decisions tied to physical regions [129].
The chart must therefore be transformed so that the estimated positions
{x̂(n)}Nn=1 lie in the true coordinate system of the deployment, a property
we refer to as global geometry preservation. The remainder of this section
presents two complementary ways of preserving the global geometry: (i) a
classical LS alignment based on a small set of anchor measurements collected
in the real environment and (ii) a DT-aided approach in which simulated
channel observations replace the anchor measurements. The latter underlies
the framework proposed in [Paper D].
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(a) True positions (b) Estimated positions

Figure 4.3: Example of CC using a triplet loss. The figures are based on [126].

4.4.1 Least-Squares Alignment

Arguably the most straightforward way to recover global geometry is to assume
a small labeled dataset {x(q),H(q)}Qq=1, with Q≪ N , that relates a few known
positions to the corresponding CSI [130]. Passing the labeled CSI through
the trained CC function yields a set of chart points {x̂(q)}Qq=1 that serve as
anchors to fit an affine transformation

Â, b̂ = arg min
A,b
∥AX̂ + b1⊤ −X∥2

F , (4.6)

where X̂ and X stack the estimated and ground-truth positions of the la-
beled samples, respectively. Every chart point is then mapped to the global
coordinate system via x̃(n) = Â x̂(n) + b̂. An alternative approach avoids
any UE measurement campaign by replacing the UE anchors with the APs
themselves [131]. In that case, each AP position in the chart is estimated as
the centroid of the chart points reporting the highest received power around
it, and (4.6) is solved using the known AP coordinates. In both variants, the
alignment is constrained to be affine, which limits the achievable accuracy
whenever the chart is significantly distorted with respect to the true geometry
or when only a few anchors are available. The DT-aided approach described
next sidesteps both the affine restriction and the need for real labeled data by
replacing the anchors with simulated channel observations.
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4.4.2 Digital Twin Alignment
A DT is a virtual representation of a physical environment that mirrors its
structure and behavior with sufficient fidelity to enable analysis, simulation,
prediction, or decision-making about its physical counterpart [48]. In the
context of wireless positioning, a DT models the propagation environment
so that it can synthesize CSI for arbitrary TX–RX configurations through
electromagnetic simulation, typically ray tracing. For the D-MIMO scenario
considered in this thesis, a DT is specified by (i) the geometry and electro-
magnetic properties of the reflective surfaces, (ii) the position and orientation
of the APs, and (iii) the RF parameters of the link. Given a set of prede-
fined query positions {x̃(p)}Pp=1 in the digital scenario, the DT returns the
corresponding simulated CSI matrices {H̃(p)}Pp=1. The pairs {H̃(p)

, x̃(p)}Pp=1
play the same role as the labeled dataset of Sec. 4.4.1, except that they are
obtained without any physical measurement campaign and can be regenerated
on demand whenever the environment is reconfigured in the digital model.

Existing DT-aided CC methods differ in the granularity of the simulated
quantities used to anchor the chart, which trades off DT fidelity against robust-
ness to model mismatch. CSI-level approaches treat the DT as a generator of
synthetic fingerprints and train the positioning function on {H̃(p)

, x̃(p)}Pp=1 as
if it were a labeled real dataset [132]. Their accuracy relies on a faithful repro-
duction of the small-scale multipath structure, which requires detailed scene
modeling and is sensitive to small environmental perturbations such as furni-
ture rearrangements. Feature-level approaches instead replace the fine-grained
CSI with large-scale features that vary smoothly over space. [Paper D] follows
this route by computing large-scale features in parallel from the simulated
CSI on the DT side and from the observed CSI at the APs, and by adding
an auxiliary loss to the CC loss that enforces consistency between the two.
Large-scale features can be obtained from computationally efficient DTs [133]
that approximate large-scale propagation quantities without resolving the full
multipath response. Since large-scale features carry less information per sample,
the auxiliary loss is typically combined with a local-geometry loss such as the
timestamp triplet loss of [126]. [Paper D] develops this combination in detail
and shows that, for an indoor D-MIMO deployment, the resulting framework
yields global positioning accuracy competitive with labeled fingerprinting while
remaining robust to mismatches in the DT geometry and to a distribution
shift between training and test UE trajectories.
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CHAPTER 5

Summary of included papers

This chapter provides a summary of the included papers.

5.1 Paper A
José Miguel Mateos-Ramos, Christian Häger, Musa Furkan Keskin,
Luc Le Magoarou, Henk Wymeersch
Model-Based End-to-End Learning for Multi-Target Integrated Sensing
and Communication Under Hardware Impairments
IEEE Transactions on Wireless Communications,
vol. 24, no. 3, pp. 2574–2589, Mar. 2025.
©2025 IEEE DOI: 10.1109/TWC.2024.3522667.

This paper studies multi-target ISAC under antenna-array hardware impair-
ments at the transceiver, considering a monostatic OFDM sensing and multiple-
input single-output (MISO) communication scenario. Conventional model-
based ISAC processing relies on idealized steering-vector models and therefore
degrades when residual array impairments break the assumed channel model,
affecting both the detection and positioning of multiple targets and the symbol
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error rate at the communication RX. To address this mismatch, the paper
proposes a model-based end-to-end learning framework that jointly optimizes
the ISAC beamformer and the sensing RX from data. The key technical enabler
is a novel differentiable formulation of the OMP algorithm that is suitable for
multi-target angle–range estimation and allows gradients to flow through the
RX during training. Building on the differentiable OMP, two model-based
parameterization strategies are devised and trained in a supervised manner
using true target positions and pilot symbols as labels: (i) learning a dictionary
of steering vectors over a discrete angular grid and (ii) directly learning the
parameterized hardware impairments while preserving the analytical structure
of the steering vectors. The two approaches are compared against a baseline
composed of LS beamforming, conventional OMP, and maximum-likelihood
symbol detection. The results show that learning the parameterized hard-
ware impairments achieves the highest target-detection probability, the best
position-estimation accuracy, and the lowest symbol error rate, while requiring
the fewest trainable parameters and generalizing well to angles and ranges
unseen during training.

LLM and HW proposed the research topic. All authors contributed signifi-
cantly to the problem formulation, follow-up of the results, and paper review.
JMMR also contributed to the literature review, simulations, and solution
development. CH also contributed to designing more realistic simulations.

5.2 Paper B
José Miguel Mateos-Ramos, Baptiste Chatelier, Christian Häger,
Musa Furkan Keskin, Luc Le Magoarou, Henk Wymeersch
Semi-Supervised End-to-End Learning for Integrated Sensing and Com-
munications
IEEE International Conference on Machine Learning,
Communications, and Networking (ICMLCN),
Stockholm, Sweden, pp. 132–138, 2024.
©2024 IEEE DOI: 10.1109/ICMLCN59089.2024.10624785.

Paper B addresses end-to-end model-based learning for ISAC under antenna-
array hardware impairments, with a focus on reducing the dependence on
labeled data. The considered scenario is a monostatic ISAC transceiver with
an impaired ULA that performs single-target detection and position estimation
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while simultaneously serving a single-antenna communication user, where the
transmit precoder, the sensing RX, and the impairment vector are jointly
learned in a differentiable model-based pipeline. Since acquiring ground-truth
target positions in real sensing deployments is costly and time-consuming, the
paper proposes an unsupervised loss given by the negative peak of the ADM
of the received signal. Building on this loss, two semi-supervised strategies
are studied that sequentially combine SL and UL, and they are compared
against a model-aware baseline with perfect impairment knowledge, fully SL,
and purely UL. Results show that SSL initialized with a short supervised stage
matches fully supervised performance in both misdetection probability and
ISAC trade-off curves while using around 1.2% of the labeled data, whereas
relying on the unsupervised loss alone still leaves a gap to fully SL.

HW proposed the research topic. All authors contributed significantly to the
problem formulation, follow-up of the results, and paper review. JMMR also
contributed to the literature review, simulations, and solution development.
BC also contributed to improving the code for the simulation results.

5.3 Paper C
José Miguel Mateos-Ramos, Baptiste Chatelier, Luc Le Magoarou,
Nir Shlezinger, Christian Häger, Henk Wymeersch
Unsupervised End-to-End Array Calibration for Multi-Target Integrated
Sensing and Communication
submitted to IEEE Transactions on Wireless Communications, Apr. 2026
©IEEE if accepted for publication.

Paper C addresses the joint calibration of the transmit and receive antenna
arrays of an ISAC BS that simultaneously senses multiple targets and com-
municates with a single-antenna UE using OFDM signals. Both arrays are
ULAs affected by GPIs and ADIs. The paper proposes an end-to-end MB-ML
framework that calibrates these impairments without any labeled data, i.e.,
without collecting measurements from targets at known positions. At the
TX, a differentiable precoder is designed to maximize the array response over
the angular sectors of interest, while at the sensing RX target parameters
are estimated through the OMP algorithm. Two unsupervised sensing losses
are proposed and compared: (i) maximizing the peak of the ADM and (ii)
minimizing the norm of the OMP residual once all estimated targets have been
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removed from the received signal. These are combined with a communication
loss that maximizes the estimated signal energy at the UE, yielding an overall
ISAC loss that exposes the sensing–communication trade-off through a single
weighting hyperparameter. To enable end-to-end training without requiring
the (in general unknown) gradient of the channel function, the framework
introduces a gradient-free channel backpropagation scheme, applied for the
first time in the ISAC context.

Numerical results show that minimizing the OMP residual yields significantly
better multi-target position estimation than maximizing the ADM response.
The proposed unsupervised framework achieves sensing and communication
performance close to a supervised calibration baseline and to a genie system
with perfect knowledge of the impairments, and generalizes better than the
supervised baseline to operating conditions (such as a different sensing SNR)
unseen during training.

JMMR and HW proposed the research topic. All authors contributed signif-
icantly to the problem formulation, follow-up of the results, and paper review.
JMMR also contributed to the literature review, simulations, and solution
development.

5.4 Paper D
José Miguel Mateos-Ramos, Frederik Zumegen, Henk Wymeersch,
Christian Häger, Christoph Studer
Positioning via Digital-Twin-Aided Channel Charting with Large-Scale
CSI Features
submitted to IEEE Transactions on Wireless Communications, Nov.
2025
©IEEE if accepted for publication.

Paper D addresses the problem of self-supervised positioning in an uplink D-
MIMO scenario with several UEs and APs. The proposed framework combines
CC with a DT of the environment to estimate UE positions in true spatial
coordinates, without requiring labeled positions. The main novelty is to align
the observed and the simulated data through large-scale channel features rather
than through fine-grained CSI. Training combines the timestamp-based CC
loss, which preserves local geometry, and a novel DT-aided cosine-similarity
loss that matches large-scale features computed from the observed and the
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simulated CSI. Several large-scale features are studied, including the received
power, the angle-power profile, the delay-power profile, the channel covariance
magnitude, and a truncated delay profile. A theoretical analysis establishes
that, under a matched DT and a sufficiently rich feature, the proposed loss is
minimized exactly at the true UE position.

Simulations in an indoor scenario based on ray-traced CSI show that the
Power, APP, and DPP features outperform state-of-the-art label-free CC.
Additional experiments evaluate the framework under DT modeling mismatches,
namely, shifted AP positions, incorrect wall materials, and additional walls
unaccounted for in the DT and under distribution shifts at inference time,
such as a change in the UE height or the appearance of new reflecting objects
in the environment. Under slight DT mismatches, DT-based fingerprinting
outperforms the proposed approach by exploiting the full simulated CSI;
however, the proposed approach is the most useful option under severe DT
mismatches or when only a computationally efficient DT that provides large-
scale features such as the received power is available.

CS proposed the research topic. All authors contributed significantly to
the follow-up of the results and paper review. JMMR also contributed to the
literature review, simulations, and solution development. FZ also contributed
to the validation of the results.
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CHAPTER 6

Concluding Remarks and Future Work

6.1 Conclusion

In this thesis, we have investigated ML as a data-driven complement to model-
based signal processing for ISAC, addressing two fundamental sources of model
mismatch that conventional signal processing struggles to handle: hardware
impairments at the transceiver and complex propagation conditions such
as NLoS environments. We have first shown that even small antenna-array
hardware impairments can severely degrade sensing performance and, to a lesser
extent, communication performance, and we have proposed a model-based
end-to-end learning framework that jointly trains the ISAC TX and the sensing
RX to learn parameterized impairments, outperforming both dictionary-based
learning and standard model-based calibration while generalizing well to unseen
scenarios. Motivated by the practical cost of acquiring labeled target positions,
we have subsequently reduced the labeling burden of this supervised paradigm
by introducing an unsupervised loss function driven solely by the received
signal, together with a semi-supervised strategy that, when initialized from
limited-data SL, has attained performance comparable to fully supervised
training, although UL alone has not closed the gap. We have then addressed
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this remaining gap by proposing a gradient-free unsupervised framework that
calibrates GPIs and ADIs at both the TX and the sensing RX without any
labeled data, performing close to supervised calibration and to a system with
perfect impairment knowledge, while exhibiting improved generalization across
operating SNRs. Moving beyond the parametric LoS channel models that
underlie the previous contributions, we have finally proposed a self-supervised
positioning framework based on CC augmented with a DT of the environment,
which has preserved both local and global geometry in true spatial coordinates
without labeled data and has remained robust under DT modeling mismatches
and distribution shifts at inference time. Taken together, these contributions
have demonstrated that combining the inductive bias of model-based signal
processing with the flexibility of ML enables ISAC systems to operate reliably
under hardware impairments and challenging propagation conditions, with
progressively reduced dependence on labeled data.

6.2 Future Work
The contributions of this thesis open several research avenues at the intersection
of ML and ISAC signal processing, as outlined in the following.

1. Beyond linear and single-cluster signal models: Two extensions
remain largely open. The first is the optimization of ISAC waveforms in
the frequency domain, including power allocation and modulation format
across subcarriers, with waterfilling as the communication-optimal limit.
The second is the explicit treatment of hardware imperfections on the
communication link itself, e.g., at the UE, rather than only at the ISAC
BS. A further extension is to consider sensing scenarios with multiple
target clusters, where beamforming cannot be reduced to a single angular
sector and conventional baselines are not readily available.

2. Continuous and online learning: The methods developed in this
thesis are trained offline on data collected under fixed operating con-
ditions. Continuous or online training would allow the calibration and
positioning functions to adapt to gradual changes in the environment
and in the hardware impairments over time, without retraining from
scratch whenever the operating conditions drift. Open questions in this
direction include how to detect that adaptation is needed, how to balance
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plasticity to recent data with stability of previously learned behavior,
and how to perform this update with the limited computational and
memory budget available at the deployed device.

3. Tracking and uncertainty quantification: The proposed frameworks
produce point estimates of the quantities of interest and treat each
measurement independently. Integration with tracking algorithms can
exploit the temporal correlation of consecutive estimates to improve
accuracy and smooth out occasional outliers. Equally important, princi-
pled uncertainty estimates would allow downstream modules to weigh
each measurement according to its reliability, which is essential for sen-
sor fusion, risk-aware control, and detection of anomalous operating
conditions.

4. Real-world experimental validation: The contributions of this thesis
are simulation-based, and a natural next step is to validate them on
real hardware and in real environments. Real RF front-ends introduce
mutual coupling, nonlinearities, and time-varying drifts that are not
captured by the impairment parameterizations studied in this thesis,
and real environments exhibit modeling mismatches that are difficult to
emulate synthetically. Experimental campaigns would not only validate
the proposed methods but also reveal which modeling assumptions need
to be adjusted for the implementation of the proposed algorithms.
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