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Abstract

Device-free Wi-Fi sensing offers a privacy-preserving approach to human activity
recognition (HAR), yet practical deployment faces two key challenges: domain shifts
across sensing environments and the gap between CSI compression and prediction
in dynamic wireless systems. Existing Unsupervised Domain Adaptation (UDA)
methods rely on labeled source data and fail in multi-user scenarios due to signal
entanglement, permutation invariance, and severe class imbalance. Al-driven CSI
feedback methods treat compression and prediction as independent problems, leav-
ing channel aging insufficiently addressed. This thesis proposes two complementary
frameworks. First, MU-SHOT-Fi is a Source-Free UDA framework for multi-user Wi-
Fi sensing employing a permutation-invariant set-prediction architecture trained via
Hungarian matching. It introduces an occupancy-weighted information maximiza-
tion objective to handle class imbalance and integrates rotation-based spatial self-
supervision to align cross-domain representations using the frequency-time structure
of Channel State Information (CSI). A single-user extension, SU-SHOT-Fi, incor-
porates temporal self-supervision via Contrastive Predictive Coding (CPC). Second,

a unified compression-prediction framework integrates CPC into a 3GPP-compliant

11



CSI pipeline, jointly optimizing reconstruction fidelity and temporal predictive co-
herence to address channel aging without increasing feedback overhead. Two vari-
ants, CPC-before-Compression and CPC-after-Compression, offer different trade-offs
between temporal modeling and device complexity. Evaluations on WiMANS and
Widar 3.0 demonstrate consistent improvements over state-of-the-art baselines un-
der cross-room and cross-frequency shifts. Experiments on Nokia, Oppo, and CATT
datasets confirm favorable complexity-performance trade-offs, advancing Al-native

wireless sensing toward robust, practical deployment.
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Chapter 1

Introduction

1.1 Wireless Sensing and Its Applications

The rapid spread of Wi-Fi infrastructure has enabled applications that go well beyond
connectivity. Wi-Fi (RF) signals propagate throughout built environments, reflecting,
diffracting, and scattering from people and objects, creating rich multipath patterns
that carry environmental information such as human mobility, location, and item
state [2,3]. These effects are commonly decoded using two core metrics: Channel
State Information (CSI) and Received Signal Strength Indicator (RSSI). CSI cap-
tures the complex-valued channel frequency response (CFR), which varies with path
length, multipath, and Doppler shifts, whereas RSSI measures received signal power
influenced by distance and obstructions. Motion sensitivity can be enhanced with
CSI similarity which often computed via cross-correlation between CSI matrices to
distinguish static from dynamic scenes. In addition, channel coherence time and co-
herence bandwidth, the temporal and spectral intervals over which the channel impulse
response (CIR) remains stable—are widely used to infer device mobility.

These signal features underpin a broad set of applications (Table 1.1), including



crowd counting, occupancy detection, pose estimation, vital-sign monitoring, human

activity recognition, and gesture recognition [4].

1.1.1 Localization

Wi-Fi sensing can localize targets by inferring position from ambient signals. Early
approaches required the target to carry a transmitter or receiver, but recent work
demonstrates device-free localization using CSI-based fingerprints that capture the
spatial layout and scattering characteristics of a site [5-9]. Modern systems fuse
amplitude, phase, and Doppler features (e.g., via short-time Fourier transforms of
subcarrier streams) and leverage multi-AP diversity or antenna arrays to estimate
time-of-flight and angle-of-arrival. To remain accurate across deployment sites and
over time, methods frequently employ domain adaptation and transfer learning to
mitigate environmental drift, and self-calibration schemes to reduce labor-intensive

site surveys.

1.1.2 Human Activity and Gesture Recognition

Human Activity Recognition (HAR). HAR maps temporal CSI/RSSI dynamics to se-
mantic labels such as sitting, standing, walking, or running. Typical pipelines denoise
and unwrap phase, extract time—frequency or Doppler signatures, and train sequence
models (e.g., CNNs, RNNs, or Transformers) to capture motion primitives [2, 10].
Beyond single-person activities, multi-person HAR aggregates spatial streams across
APs to resolve overlapping motions. Datasets like UT-HAR promote reproducibility
and cross-environment evaluation, enabling standardized comparisons and robustness

studies (e.g., leave-one-room-out, leave-one-subject-out) [11]. Practical uses include



occupancy awareness for smart buildings and privacy-preserving fall detection for
elder care without cameras.

Gesture Recognition. Fine-grained hand and finger movements induce micro-
Doppler and phase perturbations in CSI that can be learned for gesture vocabularies
and continuous trajectories. Systems often use subcarrier selection and reference link-
ing to stabilize phase, then classify gestures with temporal convolution or attention
modules. This enables touchless interaction in homes and vehicles and supports appli-
cations such as sign-language components and mid-air controls [12-15]. For example
Widar 3.0 highlights the generalization of the cross-domain (e.g.main (e.g. new users,
positions,; and environments), offering protocols and benchmemphasize robustness to

changes in deploymentes in deployment [16].

1.1.3 Crowd Counting and Occupancy Detection

Subtle, involuntary human motions (e.g., postural sway, fidgeting, respiration) mod-
ulate multipath in ways that scale with the number of people. By modeling vari-
ance, entropy, and Doppler spread in CSI streams—or by using supervised regressors
over subcarrier features—Wi-Fi sensing can estimate headcounts and occupancy even
when individuals are stationary [2,17]. These capabilities support safety monitoring,
queue analytics, and demand-aware operations in venues such as retail stores, air-
ports, hospitals, and theme parks, and can inform HVAC control and space planning

in smart buildings.



1.1.4 Health Monitoring

Contact-free vital-sign monitoring exploits micro-motions of the chest wall and car-
diac activity that imprint periodic structure on CSI. Systems track respiration rate,
detect irregular breathing (e.g., apnea, tachypnea) during sleep, estimate heart rate,
and derive heart-rate variability by stabilizing phase across subcarriers and applying
spectral peak tracking or adaptive filtering [18-22]. Multi-AP diversity and beam-
forming can improve SNR and mitigate body orientation effects, while personalization

or transfer learning helps maintain accuracy across subjects and rooms.

1.1.5 Practical Considerations.

Because CSI is highly sensitive to hardware differences, room layout changes, and user
variability, models can degrade when moved across domains. In practice, lightweight
domain adaptation (e.g., calibration-free phase handling and test-time/statistics-
based alignment) helps maintain accuracy without new labels. For real-time use,
compact CSI feedback and short-horizon prediction mitigate channel aging [23-25]
and reduce latency, enabling stable closed-loop operation on commodity Wi-Fi. We
discuss these challenges—domain shift and fast, reliable CSI feedback—in more detail

in the Challenges subsection.

1.2 Evolution of Wi-Fi Standards

The journey of Wi-Fi began with the IEEE 802.11 standard in 1997, operating at 2.4
GHz with data rates up to 2 Mbps, laying the foundation for wireless communication.
The subsequent introduction of IEEE 802.11b (Wi-Fi 1) and IEEE 802.11a (Wi-Fi 2)

in 1999 brought enhanced speeds—up to 11 Mbps at 2.4 GHz with 802.11b and up

4



Table 1.1: Wi-Fi Sensing Applications

Application References Description

Localization [5], [6], [7], [8], [9]  Tracking a target’s location within a space using ambient Wi-Fi signals.
Traditional methods require the target to have transmitting or receiving
hardware. Recent studies focus on device-free tracking using CSI data to
create environmental signal fingerprints. Techniques like Domain Adap-
tation and Transfer Learning are used to address accuracy issues due to
environmental changes.

Human Activ- [2], [10] Recognizes activities such as sitting, standing, walking, and running. Use-
ity Recognition ful for monitoring room occupancy in smart homes. Fall detection safe-
(HAR) guards elderly or ill individuals without invading privacy, unlike camera-

based systems.

Gesture Recog- (12], [13], [14], [15]  Identifies intricate human movements focusing on hand and finger ges-
nition tures. Enables innovative gesture-based interactions in smart homes and
in-vehicle controls. Sign Language detection is another use case.

Crowd Count- [2], [17] Estimates the number of people in a given area. Detects stationary crowd
ing and Occu- sizes by subtle, random fidgeting movements. Valuable for safety-critical
pancy Detec- and non-critical situations. Used to monitor human queues or tally in-
tion dividuals in waiting rooms. Helps improve services in various locations

like retail stores, airports, hospitals, and theme parks. Optimizes trans-
portation schedules and boarding/payment procedures based on passenger

numbers.
Health Moni-  [18], [19], [20], [21], Continuous health monitoring in private residences. Common applica-
toring [22] tions include respiration tracking and detecting irregular breathing pat-

terns, such as apnea or tachypnea, especially in sleep. Tracks heart rates
to reveal heart rhythm variability.

to 54 Mbps at 5 GHz with 802.11a improving accessibility and reliability. By 2003,
IEEE 802.11g (Wi-Fi 3) maintained the 54 Mbps data rate at 2.4 GHz, with improved
range and compatibility.

A major leap occurred in 2009 with IEEE 802.11n (Wi-Fi 4), which supported
both 2.4 GHz and 5 GHz frequencies and introduced MIMO technology, enabling
speeds up to 600 Mbps. MIMQO’s ability to enhance capacity and reliability was
crucial for the development of environmental mapping in Wi-Fi sensing. In 2013,
IEEE 802.11ac (Wi-Fi 5) advanced Wi-Fi sensing by achieving data rates up to 3.5
Gbps at 5 GHz, enabling higher resolution for detailed motion and presence detection.
The 2019 release of IEEE 802.11ax (Wi-Fi 6) further optimized performance in high-

density environments, reaching speeds up to 9.6 Gbps across 2.4 GHz and 5 GHz



bands. The extension Wi-Fi 6E, introduced in 2020, expanded these capabilities to
the 6 GHz band, offering increased capacity and reduced congestion.

As Wi-Fi technology evolved, standards-based technologies emerged to bring an
intelligent approach and interoperability across networks. The IEEE 802.11k stan-
dard enables access points and clients to exchange information about the Wi-Fi en-
vironment, allowing devices to optimize their connections. IEEE 802.11v uses this
network information to influence client roaming decisions, facilitating improved net-
work management, while IEEE 802.11u enables devices to gather information from
other networks before connecting. IEEE 802.11r further enhances network efficiency
by enabling fast transitions between access points within a Wi-Fi network, support-
ing applications that require seamless mobility. Together, these standards support
Wi-Fi Agile Multiband, a technology that improves network management and inter-
operability across various vendors. Additionally, Wi-Fi Alliance-defined technologies
supplement these standards by exchanging supplementary information, and identify-
ing preferred channels, bands, or access points to further enhance intelligent Wi-Fi
network management [26]. The introduction of IEEE 802.11bf in 2020 marked a sig-
nificant milestone by supporting sensing across multiple frequency bands, including
2.4 GHz, 5 GHz, 6 GHz, and 60 GHz. This standard builds on the protocols of
IEEE 802.11ad and IEEE 802.11ay for the 60 GHz band, minimizing communication
overhead and making Wi-Fi sensing more accessible and efficient [27]. Further ad-
vancements are expected with the forthcoming IEEE 802.11be (Wi-Fi 7), which aims
to deliver data rates up to 30 Gbps across multiple frequency bands. With enhance-
ments like multi-link operation and wider channel bandwidths. Wi-Fi 7 is poised

to support even more accurate environmental data collection for advanced sensing



applications. Beyond Wi-Fi 7, the next major evolution—Wi-Fi 8, based on IEEE
802.11bn and anticipated by 2028—will operate across the 2.4, 5, and 6 GHz bands,
introducing multiple access point coordination and transmission over millimetre wave
(mmWave) frequencies. To reach speeds up to 100 Gbps, far surpassing copper Eth-
ernet’s 40 Gbps limit, Wi-Fi 8 promises low-latency connectivity but may experience
signal attenuation in rainy conditions, similar to satellite communications. Deploy-
ing Wi-Fi 8 will require retrofitting ceiling-mounted access points to support these
advancements [28,29].

The TEEE 802.11bf standard represents a pivotal advancement, formally integrat-
ing Wi-Fi sensing capabilities such as gesture recognition, presence detection, and
environmental monitoring into mainstream wireless protocols, while ensuring coex-
istence with legacy Wi-Fi deployments [30,31]. This amendment bridges the gap
between Wi-Fi sensing research and practical deployment, standardizing features for
bistatic and multistatic sensing across the 2.4 GHz, 5 GHz, 6 GHz, and 60 GHz
bands. Building upon this foundation, Wi-Fi 7 (802.11be) introduces wider band-
widths, multi-link operation (MLO), and lower latencies, enabling more accurate and
real-time environmental sensing [32]. Looking ahead, Wi-Fi 8 (802.11bn) is poised to
revolutionize high-demand sensing applications by prioritizing ultra-high reliability
(UHR) and integrating millimeter-wave (mmWave) communications [29,32]. These
enhancements will enable future sensing use cases such as augmented reality (AR) and
holographic communications, where immediate feedback, extremely high throughput,
and minimal latency are critical [33]. Wi-Fi 8’s capabilities will not only enhance
conventional sensing but also open new avenues for immersive applications in the

metaverse and real-time digital twin systems, overcoming many hardware limitations



that constrained Wi-Fi 7.

1.3 The Generalization Challenge in Data-Driven Sensing

Deep learning has revolutionized wireless sensing by replacing manual feature engi-
neering with automated feature extraction from complex CSI [34]. However, these
data-driven models fundamentally rely on the assumption that training (source) and
testing (target) data share identical statistical distributions. In real-world wireless
deployments, this assumption rarely holds. Environmental changes, such as furniture
repositioning, user diversity, or varying carrier frequencies, introduce severe domain
shifts that degrade model performance. While Unsupervised Domain Adaptation
(UDA) has emerged to bridge these gaps by aligning source and target distributions,
traditional UDA approaches necessitate simultaneous access to labeled source data
and unlabeled target data. This dependency poses severe privacy risks and stor-
age bottlenecks, particularly in edge-computing scenarios where data transmission
is constrained. Consequently, there is a compelling need for Source-Free Unsuper-
vised Domain Adaptation (SFUDA) frameworks that can adapt pre-trained models
to new environments using only unlabeled target data, thereby ensuring privacy, re-
ducing communication overhead, and enabling robust deployment in dynamic sensing

environments.

1.4 Deployment Considerations for AI-Native Wireless Sensing

While SFUDA addresses adaptation without access to source data, practical wireless
sensing deployment introduces additional constraints beyond recognition performance

alone. In real-world operation, CSI must be acquired, represented, transmitted, and

8



processed under limited communication budgets and resource-constrained devices.
This makes deployment not only an adaptation problem, but also a system-level
design problem.

This perspective is consistent with the evolution toward Al-native wireless sys-
tems, where recent Third Generation Partnership Project (3GPP)! studies consider
CSI feedback enhancement through standardized training and deployment pipelines.
Within this framework, CSI compression and CSI prediction are both critical for prac-
tical deployment [35]. A large number of deep learning-based prediction techniques
have been discussed here [36-38]. Compression reduces feedback overhead and stor-
age burden, while prediction mitigates the effect of channel aging by compensating
for delays between CSI acquisition and usage. Existing works, however, often treat
these objectives separately, which limits their effectiveness in dynamic environments.

Motivated by this, the thesis considers deployment from two complementary per-
spectives. On one hand, SFUDA enables robust adaptation of sensing models under
domain shift without relying on source data. On the other hand, contrastive predic-
tive coding (CPC) with compression improves deployment efficiency by integrating
temporal prediction into a 3GPP-compliant CSI feedback pipeline, thereby supporting
robust generalization across deployment scenarios while reducing model complexity

for resource-constrained user equipment (UEs).

13GPP is a global collaboration of telecom standards organizations that develops unified specifi-
cations for mobile networks (from 3G to 5G and beyond), ensuring worldwide interoperability and
innovation in wireless communications.



1.5 Limitations and Research Gaps

While deep learning has emerged as a prominent approach for Wi-Fi sensing, its appli-
cation to robust, privacy-preserving multi-user scenarios faces fundamental challenges.
Understanding these limitations is essential for developing frameworks that can meet
the dynamic requirements of real-world deployments. Existing learning-based sensing

approaches exhibit several critical limitations:

e Domain Sensitivity and Negative Transfer: CSI is inherently sensitive
to environmental changes; modest changes in room layout, user placement,
or carrier frequency substantially alter CSI statistics, causing abrupt domain
shifts [39-41]. Enforcing domain invariance in multi-user settings often leads to
negative transfer, as environment-dependent variations are tightly coupled with

the cues required for user separation [42,43].

e Privacy Concerns in Adaptation: Most existing Unsupervised Domain
Adaptation (UDA) methods rely on access to labeled source data during the
adaptation process [44-46]. This reliance raises significant privacy concerns
and logistical overhead when data is confidential or transmission is bandwidth-

constrained, limiting practical deployment [47].

e Inability to Handle Multi-User Dynamics: Current Source-Free Unsuper-
vised Domain Adaptation (SFUDA) frameworks focus exclusively on single-user

cases [48,49]. They fail in multi-user sensing scenarios due to three fundamental

gaps:

— Signal Entanglement: Multi-user CSI reflects a superposition of activities

where identical features may correspond to different user configurations,
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violating the stable feature mapping assumptions of standard adaptation

methods [50].

— Class Imbalance: In variable occupancy scenarios, “no person” slots domi-
nate the data distribution. Standard information maximization objectives

cause model collapse toward this dominant class [51].

— Permutation Invariance: Clustering-based pseudo-labeling assumes fixed
class assignments [52], but multi-user outputs are permutation-invariant
(e.g., {Walk, Sit} is equivalent to {Sit, Walk}), rendering standard pseudo-

labeling techniques ineffective.

e Separation of CSI Compression and Prediction: Existing Al-driven CSI
feedback works predominantly treat CSI compression and CSI prediction as
separate problems [53-60]. This separation is also reflected in current 3GPP
studies, where CSI feedback enhancement is discussed through distinct sub-use
cases, such as compression with two-side models and prediction with UE-side
models [35,61]. As a result, existing frameworks do not jointly address feedback
efficiency and channel aging, leaving an important gap for deployment-oriented
wireless systems operating under dynamic channel conditions. The only work

which considered both CSI compression and prediction is [34].

These limitations motivate the development of robust, source-free adaptation
frameworks capable of handling the entanglement, imbalance, and permutation in-
variance inherent in multi-user Wi-Fi sensing, while also highlighting the need for
unified CSI feedback frameworks that jointly address compression and prediction un-

der practical deployment constraints.

11



1.6 Scope of the Thesis

Given the challenges of domain shift in CSI data, the privacy limitations of ex-
isting UDA methods, the gaps in multi-user adaptation, and the growing need for
deployment-efficient CSI feedback under dynamic wireless conditions, this thesis de-
velops frameworks for both robust source-free adaptive sensing and practical Al-native
wireless deployment. The thesis addresses two complementary research directions:
robust adaptation of sensing models without source-data access, and unified CSI
feedback enhancement through joint compression and prediction.

For the sensing component, we propose MU-SHOT-Fi, a framework that adopts a
set-based prediction approach to formulate multi-user recognition as a permutation-

invariant problem [62,63]. Its key contributions can be summarized as follows:

e Multi-User SFUDA Problem Analysis: We identify and formalize the
fundamental challenges that prevent existing SFUDA methods from extending
to multi-user sensing: class imbalance from unoccupied slots, permutation in-
variance invalidating pseudo-labeling, and signal entanglement violating stable
feature-to-label mappings. We further demonstrate that CPC, while beneficial
for single-user adaptation, degrades multi-user performance due to conflicts be-
tween temporal consistency and permutation-invariant slot predictions, which
is a finding with broader implications for temporal SSL is structured prediction

settings.

e Occupancy-Weighted Information Maximization: To address the critical
issue of class imbalance, we introduce a novel adaptation objective that weights

diversity regularization by slot occupancy probability. This approach prevents
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the model from collapsing toward the dominant “no person” class while ensuring

diverse predictions for occupied slots.

e Spatial and Temporal Self-Supervision: We integrate rotation-based spa-
tial self-supervision to align source and target representations by exploiting the
frequency-time structure of CSI without requiring labels [64]. Furthermore,
for single-user cases, we incorporate Contrastive Predictive Coding (CPC) to

leverage temporal dependencies for enhanced domain invariance.

e Unified Framework and Comprehensive Evaluation: We demonstrate
that the proposed framework generalizes to single-user scenarios (SU-SHOT-
Fi) as a special case. We validate the framework on the WiMANS and Widar
3.0 datasets [51,65], demonstrating superior performance over state-of-the-art

baselines across cross-room and cross-frequency domain shifts.

For the deployment-oriented CSI feedback component, this thesis further inves-
tigates Al-driven CSI feedback under dynamic wireless conditions. Existing works
largely treat CSI compression [53-58] and CSI prediction [59,60] as separate prob-
lems, while recent joint approaches remain limited in how temporal prediction is
incorporated into compact representations [66]. Motivated by this gap, this thesis de-
velops a unified framework within a 3GPP-oriented pipeline. The main contributions

in this direction are as follows:

e Novel integration of CPC into a standardized compression pipeline.
We develop a joint compression—prediction framework that integrates CPC into
a standardized CSI feedback pipeline. Unlike conventional CSI compression

schemes that focus solely on reconstruction, our design incorporates CPC within
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a 3GPP-compliant architecture featuring a quantized linear bottleneck. The
proposed approach jointly optimizes reconstruction fidelity and temporal pre-

diction, addressing a challenge not considered in prior works.

Two architecturally distinct variants addressing a real deployment
tradeoff. We propose two architecturally distinct variants:

CPC-before-Compression, which employs a GRU-based autoregressive mod-
ule on raw encoded features before dimensionality reduction, and CPC-after-
Compression, which defers temporal modeling to the BS decoder, reducing UE-
side complexity. Both variants learn robust representations that remain sta-
ble across prediction horizons. This tradeoff between feature preservation and
computational efficiency has not been explored in prior CSI feedback litera-

ture [57,58].

Joint SGCS and InfoNCE training objective. The joint 1-SGCS and
InfoNCE loss function goes beyond standard reconstruction objectives by em-
bedding a self-supervised contrastive predictive objective directly into the com-
pression training loop, encouraging temporally coherent latent representations

without requiring labeled data.

Evaluation of computational power and accuracy trade-offs. We eval-
uate our methods on 3GPP-compliant datasets from Nokia, Oppo, and CATT,
demonstrating 32x lower decoder GFLOPs for C'PC-before-Compression and an
identical encoder footprint for CPC-after-Compression compared to the 3GPP
baseline, while CPC-before-Compression consistently achieves reconstruction

accuracy exceeding 90%. Also, model compression techniques like pruning and
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low-rank factorization [67,68] are implemented to reduce inference costs.

1.7 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 reviews Wi-Fi sens-
ing fundamentals, preprocessing techniques, and the state-of-the-art in deep learning
and domain adaptation for CSI-based sensing. Chapter 3 presents the proposed
MU-SHOT-Fi framework, detailing the set-based formulation, occupancy-weighted
adaptation objectives, and self-supervised learning components. It also presents the
SU-SHOT-Fi special case and validates the frameworks through extensive numerical
results under various domain shift scenarios. Chapter 4 presents the deployment-
oriented CSI feedback framework, detailing how CPC can be integrated with CSI
compression to jointly address feedback efficiency and channel aging within a 3GPP-
aligned pipeline. Chapter 5 concludes the thesis and discusses future research direc-

tions.

1.8 Research Outcomes

e A. Y. Radwan, M. Yildirim, N. Hasanzadeh, H. Tabassum, and S. Valaee, “A
Tutorial-cum-Survey on Self-Supervised Learning for Wi-Fi Sensing: Trends,
Challenges, and Outlook,” IEEE Communications Surveys € Tutorials, ac-

cepted, 2025. Code: https://github.com/AhmedRadwan02/ssl-wifi-sensing.

e A. Y. Radwan and H. Tabassum, “MU-SHOT-Fi: Self-Supervised Multi-User
Wi-Fi Sensing with Source-Free Unsupervised Domain Adaptation,” IEEE In-
ternet of Things Journal, accepted, 2026.

Code: https://github.com/AhmedRadwan02/mu-shot-fi.
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e A. Y. Radwan, H. Tabassum, F. S. Muhammad, and M. Baker, “Contrastive
Predictive Coding with Compression for Enhanced Channel State Feedback in
Wireless Networks,” IEEFE Transactions on Neural Networks and Learning Sys-

tems, under review. Code: https://github.com/AhmedRadwan02/cpc-3gpp.
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Table 1.2: Evolution of Wi-Fi Standards and Their Specifications

IEEE Year Frequency Channel Data Notes
Standard Bands Width Rate
802.11 1997 2.4 GH 20 MH Up to 2
(Wi-Fi 0) z z MI;)pSO e Laid the foundation for wireless communica-
tion.
802.11b 1999 2.4 GH 20 MH Up to 11
(Wi-Fi 1) z ‘ Mrl)ap;) Increased data rates, making Wi-Fi more widely
adopted.
802.11 1999 5 GH 20 MH: Up to 54
(Wi—Fia2) z z MFI)) ;) Operated in 5 GHz, providing higher data rates
P and less interference.
802.11 2003 2.4 GH 20 MH Up to 54
(Wi—FigB) z z N Combined speed of 802.11a with 802.11b’s
P range and compatibility.
802.11 2009 2.4 GH 40 MH U t
(Wi—Fin 4) and 5 GHZZ z 601;()) © Introduced MIMO for improved speed and reli-
bility.
Mb aptity
ps Enabled better performance on both 2.4 GHz
and 5 GHz bands.
802.11ad 2012 60 GH 2.16 GH Up to 8
(WiGig) ? z Ggpso Utilized 60 GHz for short-range, high-speed,
low-latency applications.
802.11 2013 5 GH 80/160 Up to 3.5
(Wi—Fiag) z MI{IZ GEpg Enhanced with wider channels, more channels,
and higher modulation density.
802.11ax 2019 2.4 GHz Up to 160 Upto9.6 .. . .
(Wi-Fi 6) and 5 GHz  MHz Gbps Optimized for dense environments with
OFDMA and better spectral efficiency.
802.11 2020 6 GH Up to 160 Upto 9.6
(Wi—Fia)G;E) z MII){z © Ggps Extended Wi-Fi 6 into the 6 GHz band for in-
creased capacity and reduced congestion.
802.11bf 2020 2.4 GHz, N/A N/A A . . L
5 CGHz Z6 / / Focused on Wi-Fi sensing, enabling applications
GHz ’and in motion and presence detection.
60 GHz
802.11 2021 60 GH 2.16/4.32/6.48 t
a “ 64 G/Hz / 11J7p6 © Enhanced 802.11ad with higher data rates and
Gbps channel bonding.
802.11b 2024 2.4 GHz, 5 Up to 320 Up to 30
(Wi-Fi ;) GHz ari’i 6 MI;‘IZ © Ggpso Aims for higher data rates with multi-link op-
Ger7 eration and wider channels.
802.11bn 2028 2.4 GHz, 5 TBD Up to . . . o
(Wi-Fi 8) GHz. and 6 100 Utilizes multiple access point coordination and
GHz7 Cbps mmWave frequencies.

e Optimized for low-latency applications and very

high data rates.

Rain attenuation similar to satellite communi-
cations may impact performance.

Retrofit of ceiling-mounted access points re-
quired for deployment.

Abbreviations: MIMO: Multiple-Input Multiple-Output, OFDMA: Orthogonal Frequency-Division Multiple Access,
NDPs: Null Data Packets
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Chapter 2

Literature Review and Preliminaries

2.1 Wi-Fi Sensing Fundamentals

Wi-Fi sensing has emerged as a complementary alternative to camera-based indoor
sensing and tracking. It operates without line-of-sight (LoS) or ambient lighting and
can be more privacy-preserving. Because it relies on radio propagation, however, it
is inherently sensitive to noise and environmental perturbations: small changes in

people or objects can alter the multipath structure and thus the received signal [40].

2.1.1 Channel State Information (CSI)

In a MIMO-OFDM! system, the received signal y can be modeled as follows:

y =Hx+n, (2.1)

'MIMO employs multiple antennas at both the transmitter and receiver ends, creating a matrix
of connections between every transmitter and receiver. Orthogonal Frequency Division Multiplexing
(OFDM) divides the channel bandwidth into multiple smaller, non-overlapping frequency bands,
called subcarriers, which transmit bit streams in parallel.
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Figure 2.1: Structure of the CSI matrix, illustrating dimensions across receivers,
transmitters, subcarriers, and time.

ewhere x is the transmitted signal vector, i is the additive noise vector, and H is the
CSI matrix, capturing the properties of the wireless channels between the transmitter
and receiver. Each element H,,,(f.;t) in H represents the channel impulse response
(CIR) between the n-th transmitter antenna and the m-th receiver antenna at a
given frequency f. and time ¢, encapsulating environmental effects such as path loss,
obstacles, and interference. The CSI matrix element H,,,(f.;t) can be expressed in

terms of the CIR as follows [34]:

Hppn(fort) = Z ay(t)e 72 fen(t), (2.2)

=1

where L is the number of multipath components, a;(t) represents the amplitude atten-
uation, and 7;(t) is the propagation delay for each path. The amplitude |H,, . (f.;t)|
and phase ZH,, ,(f.;t) of CSI provide detailed information about multipath propa-
gation. The structure of the CSI matrix at a given receiver depends on the number
of receiving and transmitting antennas, subcarriers, and timestamps in the wireless
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communication system. It can be visualized as a multidimensional array, where each
element provides detailed channel information for a specific combination of time,
subcarrier, transmit antennas, and receive antennas. Wi-Fi devices obtain accurate
CSI measurements by utilizing Long Training Fields (LTFs). By comparing the re-
ceived LTFs with the known transmitted patterns, the receiver can estimate the CSI,
effectively producing a “Wi-Fi image” of the surrounding environment [40, 69].

As shown in Fig. 2.1, the hierarchical structure of the CSI matrix is depicted,
illustrating how it evolves and frequency. At each time step ¢, the matrix H s, r,, 17,
captures wireless channel measurements between multiple transmit antennas 7}, and
receive antennas R, across different subcarrier frequencies f.. Each element of
the matrix represents a complex channel coefficient containing both amplitude and
phase information, characterizing the wireless channel between a specific transmitter-
receiver pair at a specific frequency and time.

Fig. 2.1 demonstrates that the CSI matrix can be thought of as layers stacked
over time and frequency. Each layer corresponds to a different subcarrier frequency,
and within each layer, the grid formed by the receivers and transmitters provides a
detailed snapshot of the channel characteristics at that specific time and frequency.
Although the figure presents an example with two time instances, this structure can

extend across any number of timestamps and subcarriers.

2.1.2 Active and Passive CSI Measurements

Collecting CSI data involves configuring transmitters and receivers, with at least one
Wi-Fi network interface card (NIC) running modified firmware to support CSI extrac-

tion. This can be done using either active or passive sensing methods, depending on
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Figure 2.2: Active sensing and passive sensing setups for CSI data collection.

the application and setup. In active sensing, a transmitter sends predefined packets
to a receiver, which extracts and stores CSI data. This approach requires only two
devices and offers precise control over the signal, as the devices’ positions are known
and packet rates can be adjusted for greater accuracy. Active sensing is ideal for
scenarios needing consistent and predictable signal patterns. However, it consumes
bandwidth, rendering the transmitter unavailable for other tasks. Fig. 2.2(a) illus-
trates an active Wi-Fi sensing setup, where CSI captures the channel between the
transmitter and receiver.

Passive sensing, on the other hand, leverages existing Wi-Fi traffic without in-
troducing additional transmissions. A monitoring device collects CSI from ongoing
communications and estimates the channels to transmitters with known MAC ad-
dresses. This setup typically involves at least three devices. Passive sensing minimizes
interference and is suitable for scenarios where active transmission is impractical or
disruptive. Passive sensing is advantageous due to its lower bandwidth usage and

reduced power consumption, making it ideal for applications like HAR and smart
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environments where non-intrusiveness is critical. However, it poses challenges, such
as the need for precise device synchronization, lower packet rates, and the possibility
of missed packets due to dependence on existing traffic. Fig. 2.2(b) shows a passive
Wi-Fi sensing configuration, where CSI captures the channel between a monitoring

device and a transmitter.

2.1.3 Wi-Fi CSI for Moving Users

To understand the effect of a moving point, such as a human hand, on the Wi-Fi CSI
phase, we can consider a scenario in which an object is positioned between a Wi-Fi
transmitter and receiver, see Fig. 2.3. As the object moves upward at a constant
velocity v over a duration of At seconds, the altered signal path introduces a time
delay A7, which in turn causes a phase shift. Accounting for this delay, the CSI

h(f;t) for a subcarrier with carrier frequency f. at time t + At can be expressed as

follows:
h(fe;t+ At) = h(f.;t)exp (—j2nfAT), (2.3)
in which AT is
A
Ar = 20) (2.4)
c

where ¢ represents the propagation speed of Wi-Fi signals through the air and Ad(v)
corresponds to the displacement resulting from the object’s motion [1].
If there are L moving points in the space that reflect the transmitted signal to the

receiver, the resulting CSI signal can be expressed as follows

h(fotot A =50 hi (foito) exp(—jdm f.(48L)),  (25)
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Figure 2.3: The spatial arrangement of a Wi-Fi transmitter and receiver where an
object moves upward at a velocity of v [1].

where h;(f.;t) represents the CSI from the i*® path at time ¢ and carrier frequency
f., while v; denotes the velocity of the i*" object. Suppose that M samples of CSI
are obtained with a sampling interval of At, and the instantaneous velocities of the
moving points are constant. Under these conditions, Eq. 2.5 for the CSI vector hy,,
consisting of M elements, can be represented in matrix form as follows:

hy, =[d(v),. ... d (0o)][a(to. fo).- - hu(to.fo)] (2.6)

A A
=DumxrL =arxi1

where, for each moving point indexed by 4, the velocity vector d(v;), composed of M

elements, is given by

v; At

d(v)=[1, e D (2) (2.7)

ge ooy

Thus, D represents the M x L matrix of velocity vectors. Thus, considering a random
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noise vector n with M elements, Eq. 2.6 can be reformulated as follows:

h; = Da+ n. (2.8)

where a represents the vector of initial CSI at the reference time ty. The equation
above establishes a relationship between the collected CSI samples and the velocity
of objects moving in the environment. This suggests that velocities, referred to as
Doppler velocity, can be estimated from CSI samples hy , thus relating CSI values to

the human activities performed within the environment.

2.1.4 Domain Shift in CSI-Based Wi-Fi Sensing

Wi-Fi sensing exploits CSI from commodity devices for privacy-preserving HAR. In a
MIMO-OFDM system with N, transmit and N, receive antennas over Ny, subcarriers,
the received signal on subcarrier k at time t is yx(t) = Hy(t) sk(t) + n4(t), where
sp(t) € CM is the transmitted symbol vector, m,(t) € C™ denotes additive noise,
and Hy(t) € CM*N is the CSI matrix. Let H,,,(k,t) denotes the CSI from transmit
antenna n € {1,..., N;} to receive antennam € {1,..., N, } on subcarrier k at time ¢,
so that Hy(t) = [Humn(k, t)]ﬁrz’i\fﬁlzl. Each CSI entry representing the complex channel
frequency response (CFR) is Hy,,(k,t) = |Hpyn(k, )] e29mn®8 swhere ¢, (ko t) 2

LHyn(k,t). Commodity NICs expose CSI as tensors, i.e.,

Xraw é [Hm,n(k7t)]t,m,n,k € CTXNTXNtXNSCa (29)

across time, antennas, and subcarriers [59]. We use x € R *T to denote its pre-

processed representation (e.g., amplitude or phase extraction with spatial flattening,
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detailed in Section 3), where F' = Ny - N, - N; is the flattened dimension.
Indoor propagation is dominated by multipath effects. A common model that

expresses the CFR as a superposition of L propagation paths is given below:

L
Hyp (k1) =Y tgyn(t) €772 00 D) gi2nnct, (2.10)
(=1

where fj is the center frequency of subcarrier k, subscript mn denotes the transmit—
receive antenna pair (m,n), agmn(t) € C and 74,,,(t) are the time-varying complex
attenuation and delay of path ¢, respectively, and fp, (Hz) is the Doppler shift
producing the time-varying phase term e/?*/p.¢!. Small changes in path delay induce

large phase rotations, i.e., a delay perturbation A7 yields
A¢p =~ —2m frAT (mod 27). (2.11)

Consequently, modest changes in room layout, materials, user placement, carrier fre-
quency, or device calibration substantially alter CSI statistics, causing abrupt domain
shifts in both amplitude and phase [39-41].

In multi-user scenarios, Eq. (2.10) aggregates contributions from all active users
simultaneously. Unlike single-user settings where the L paths primarily reflect one
person’s movements, multi-user environments superpose path sets from each individ-
ual, where path parameters {amn(t), Tr.mn(t), fpr} reflect the combined influence of
multiple people performing different activities [50]. This signal entanglement makes
it fundamentally difficult to attribute observed CSI variations to specific users, as
one person’s movements directly affect how another person’s activities appear in the

wireless channel [51].
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Domain shift compounds these multi-user challenges by altering both individual
activity signatures and their interactions. Consider the cross-frequency scenario in
WiMANS where models trained at 2.4 GHz must generalize to 5 GHz. The wavelength
changes from 12.5 cm to 5 cm, fundamentally altering how overlapping user activities
interfere in the multipath channel. From Eq. (2.11), phase rotations scale directly with
carrier frequency: a given path delay A7 induces phase shifts Apscu,/A¢2scn, =
5.0/2.4 ~ 2.08 times larger at the higher frequency. This frequency-dependent phase
sensitivity means that entangled multi-user patterns exhibit domain shifts that cannot

be addressed by single-user adaptation techniques [70].

2.2 Preprocessing Techniques for CSI Data

Data preprocessing is a critical step in ML as it directly impacts the performance
and generalization of the model. Real-world data such as CSI, often contains noise,
missing values, outliers, and irrelevant or redundant features, which can lead to is-
sues like overfitting bias, and poor deployment results. Preprocessing techniques such
as cleaning, normalization, feature selection, and transformation address these chal-
lenges by reducing dimensionality, enhancing data quality, and ensuring compatibility
with algorithms. These steps make learning algorithms more efficient and improve
the accuracy and the interpretability of results [71].

Although DL algorithms can inherently learn the underlying patterns within CSI
data, their performance is significantly enhanced when the data is preprocessed to
highlight relevant features and reduce noise. Preprocessing also helps mitigate the
inherent nature of CSI data, such as noise, multi-path effects, and interference, which

can obscure the information of interest. The complex nature of CSI often leads
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to signal distortions, making it challenging to focus on specific features, such as
body movement in motion recognition applications. To overcome these challenges, a
variety of preprocessing techniques have been developed. These techniques range from
signal transformation methods that create new feature spaces to outlier removal and
dimensionality reduction strategies. Each technique is tailored to enhance or suppress
irrelevant features, depending on the specific application and data characteristics. The
following subsections explore some of the most commonly used preprocessing methods

and their practical applications in Wi-Fi sensing.

2.2.1 Outlier Removal

Outlier removal is essential in preprocessing signals like CSI and internal measurement
(IMU)? data, which are often affected by noise and variability. Different techniques

are used to identify and remove outliers as described below.

2.2.1.1 Simple Smoothing Techniques

Simple smoothing techniques reduce random noise by averaging data points within
a set window. For example, the Moving Average (MA) method replaces each data

point z; with the average of neighbouring points in a window of size w:

,i+u7—1

1 2

=) - 92.12

z w L L ( )
J=t= 2

The median filter further enhances robustness against outliers by substituting each

data point with the median of its neighbours. However, these methods can sometimes

2An IMU is a sensor device that provides raw motion data such as linear acceleration, angular
velocity, and orientation, typically via embedded accelerometers and gyroscopes.
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overly smooth critical signal variations. To counter this, Weighted Moving Average
(WMA) and Exponentially Weighted Moving Average (EWMA) apply weights w; to
emphasize recent data points as formulated below:

H_wal

L%Z' = Z W;T where ij =1. (213)
1 J

. w—
J=1 2

2.2.1.2 Advanced Filtering Methods

Advanced filtering methods focus on specific frequency components in the signal.
Low-pass filters (LPF) reduce high-frequency noise by selecting an appropriate cutoff
frequency f., which helps preserve essential signal components. Wavelet filters, using
the Discrete Wavelet Transform (DW'T), break down the signal into various frequency

bands, enabling precise noise reduction by retaining only selected wavelet coefficients.

2.2.1.3 Anomaly Detection Techniques

Anomaly detection methods identify and correct data points that deviate from ex-
pected patterns. The Hampel Filter flags outliers by comparing each data point x; to
the median m; of neighbouring points and replacing points where |z; — m;| exceeds
a threshold. Another method, the Local Outlier Factor (LOF) [4] assesses the local
density around each point, marking outliers as those with substantially lower density

compared to their neighbours.

2.2.2 Phase offset Compensation

In practical Wi-Fi systems, various sources of noise arise from the transmitter and re-

ceiver processing stages, as well as hardware and software imperfections. These noise

28



factors significantly affect the phase of the measured CSI between transmitting and
receiving antennas, introducing complexities such as Cyclic Shift Diversity (CSD),
Sampling Time Offset (STO), Sampling Frequency Offset (SFO), and beamforming-
induced phase variations. Since Wi-Fi sensing applications rely on extracting the
underlying multipath channel information to detect changes in the environment, ad-
dressing these phase distortions through appropriate signal processing techniques is

crucial [72]. A few important techniques are outlined below.

2.2.2.1 Common Phase Error (CPE) Compensation

In CPE compensation, it is assumed that each subcarrier’s phase is affected by a

common phase error Ocpg in addition to the actual phase 6, of subcarrier n:

On = 0n + Ocpr (2.14)

CPE compensation estimates 6cpg and subtracts it from the measured phase én across
all subcarriers:

0, =0, — Ocpg (2.15)

where 6,, denotes the compensated phase, aligning phase data across subcarriers to

improve accuracy in subsequent analysis.

Phase Difference Method (PDM) calculates phase differences between adjacent
subcarriers or time samples. For adjacent subcarriers with phases 0,, and §n+1, the

phase difference Aén,nﬂ is given by:

Abp i1 = Onyr — Oy (2.16)
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This method cancels out constant phase offsets, leaving stable phase differences
AB,, 11 that are beneficial for applications like motion detection and device-free lo-

calization [73,74].

2.2.2.2 CSI Ratio Model

The CSI Ratio Model is another technique for mitigating common phase noise and
compensating for phase offsets in Wi-Fi routers, particularly for those equipped with
multiple antennas [75]. In such systems, antennas are placed in close proximity,
causing them to experience nearly identical phase shifts due to common noise sources
like oscillator drift or environmental factors. By computing the ratios of the CSI
measurements between pairs of antennas, the common phase components cancel out,
isolating the relative phase differences caused by unique path effects to each antenna.

Mathematically, the CSI ratio model is expressed as:

Hi(f) _ [Hi(H)| DD TH(D] io,i)-0,00
i) [H(f)] edbiDrectD | H;(f)]

(2.17)

In this equation, H;(f) and H;(f) are the CSI measurements at frequency f for
antennas i and j, respectively. The magnitudes of these measurements are |H;(f)]
and |H;(f)|, while 6;(f) and 6,(f) represent the unique phase shifts for each antenna.
The term ¢.(f) denotes the common phase noise experienced by all antennas, and j
is the imaginary unit. By taking the ratio, the common phase term ¢.(f) cancels out,
allowing for better phase offset compensation based on the relative phase differences
0;(f) — 6;(f). Though this technique does not provide absolute phase values, they
effectively capture relative phase changes, enhancing the utility of phase information
for ML algorithms in Wi-Fi sensing.
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2.2.3 Dimension Reduction / Compression

Dimension reduction is crucial for managing the high dimensionality of CSI data. It
reduces noise by eliminating irrelevant features, simplifying models to be less prone

to overfitting and more computationally efficient.

2.2.3.1 Principal Component Analysis (PCA)

PCA transforms high-dimensional data into a smaller set of orthogonal components
while retaining as much variance as possible. Given a data matrix X € R"*?, PCA

finds a projection matrix W € RP** to map X into a lower-dimensional space:

7 = XW (2.18)

where Z € R"*¥ represents the reduced data. To improve data quality, it’s often useful

to remove outliers before applying PCA, as it is sensitive to extreme values [10].

2.2.3.2 Low-Rank Factorization (LRF)

Low-Rank Factorization approximates the data using lower-rank matrices. For a data

matrix X € R"*P, LRF identifies matrices U € R™*" and V € RP*" such that:

X~UV' (2.19)

This technique is useful for applications like matrix completion, offering greater flex-
ibility than PCA for targeted dimensionality reduction. These dimension reduction
techniques enhance CSI data processing, improving both model performance and
computational efficiency.
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2.2.4 Signal Transform Methods

Signal transforms are fundamental for uncovering activity-related patterns or generat-
ing more informative representations suitable for training ML models. Key techniques
include the Fast Fourier Transform (FFT), Short-Time Fourier Transform (STFT),
and Wavelet Transform (WT) for the time-frequency analysis of CSI measurements.
Additionally, specialized approaches such as Doppler Velocity Extraction and the
Body-coordinate Velocity Profile (BVP) for estimating movement velocity and pro-
viding a robust representation of static environmental factors, as well as Random

Convolutional Kernels for comprehensive feature extraction, are employed.

2.2.4.1 Fast Fourier Transform (FFT)

FFT is widely used to convert a time-domain signal x(¢) into its frequency-domain
representation X (f):

X(f) =) x(n)e /N (2.20)

where NV is the number of points, f is the frequency, and j is the imaginary unit. FFT
reveals dominant frequencies in the signal and, when combined with Low Pass Filters
(LPF) or Bandpass Filters (BPF), effectively removes high-frequency noise or targets
specific frequency ranges, making it useful for applications like motion detection and

breath estimation [10].
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2.2.4.2 Short-Time Fourier Transform (STFT)

STFT analyzes the frequency content of a signal over time by applying FFT to short,

overlapping segments of the signal z(¢) with a windowing function w(t):

STFT(t, f) = Y _ x(n)w(n—t)e 7>/ (2.21)
This method provides a time-frequency representation, useful for identifying patterns

that vary over time. However, STFT encounters trade-offs between time and fre-

quency resolution.

2.2.4.3 Wavelet Transform (WT)

The Wavelet Transform offers better frequency resolution for low frequencies and
better time resolution for high frequencies. The Discrete Wavelet Transform (DWT)

decomposes a signal into multiple resolution levels using high-pass and low-pass filters:

o

2(t)= > adut)+ D> > distbk(t) (2.22)

k=—o0 k=—o00 j=1

where ¢;, are approximation coefficients, d;; are detail coeflicients, ¢y (t) is the scaling
function, and v, ;(t) are the wavelet functions at scale j. DWT is effective for noise

reduction and offers robustness beyond techniques relying solely on Doppler phase

shift [76].

2.2.4.4 MUSIC

CSI and the velocity of movement or activity are theoretically related, as shown

in Eq.2.8. This relationship suggests that velocities of moving objects within the
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environment can be determined from CSI using AoA estimation methods, such as
Multiple Signal Classification (MUSIC) [77]. MUSIC leverages the eigen structure
of the covariance matrix of the CSI data to estimate the movements Doppler veloc-
ity vector by separating the signal subspace from the noise subspace. The Doppler

velocity pseudo-spectrum Pyysic(v) is given by:

1
d”(v)Q,QJd(v)

PMUSIC (1)) = (223&)

where d is the steering vector for velocity v, and Q,, is the matrix of all eigenvectors
forming the noise subspace. The denominator becomes zero when v corresponds to
the velocity of one of the moving points. Therefore, the sharp peaks in the pseudo-

spectrum provide the estimated velocities of the moving points in the environment.

2.2.4.5 Body-coordinate Velocity Profile (BVP)

BVP, introduced in systems like Widar3.0 [16], is designed for human motion analysis
by leveraging unique velocity distributions across body parts during activities. A key
parameter in BVP is the Doppler Frequency Shift (DFS), calculated as:

U'fc

C

fo = (2.24)

where fp is the Doppler shift, v is relative velocity, f. is the carrier frequency, and ¢
is the speed of light. While DFS provides valuable insights, it is sensitive to position
and orientation. BVP addresses this by mapping signal power over body-coordinated

velocity components, making it a robust indicator of activity types.
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2.2.4.6 MiniRocket

Due to the typically small size of datasets in HAR tasks, deep neural networks may
struggle to effectively learn patterns from limited data. Unlike DL models that require
large labeled datasets, MiniRocket, a highly effective method for time-series analy-
sis, enables feature extraction without the need for labels, making it particularly
advantageous in scenarios with scarce data [78].

In the MiniRocket method, convolution is applied to extract features from time-
series data, such as CSI signals, by using random kernels. Each kernel k shifts along
the input signal x, generating an output (x * k); , which captures localized patterns.
These diverse transformed outputs are summarized using the Proportion of Positive

Values (PPV), calculated as:
L

where N is the number of elements in the convolution output, and I(-) is an indicator
function that returns 1 when the condition inside is true. These extracted features,
which in the default setting amount to 9,996 features, can then be used as inputs to

a simple linear classifier.

2.3 Existing CSI Datasets

Publicly available datasets play a vital role in advancing CSI-based Wi-Fi sensing
research, offering diverse environments, hardware setups, and applications. These
datasets generally fall into three categories: HAR, which targets broad, complex

actions involving the whole body; Gesture Recognition and Sign Language, focused
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on discrete, repetitive movements of specific body parts; and Health Monitoring and
Specialized Datasets, designed for applications like health tracking or unique environ-
ments. Most datasets consist of time-series data with labeled entries corresponding
to activities or gestures. Typically, this data includes CSI values, capturing signal
amplitude and phase across multiple antennas and subcarriers, often supplemented by
RSSI values and timestamps. In the following, we list the most popular datasets and
their specifications. Table 2.1 provides a comparative summary of these datasets in

terms of the hardware, extraction tool, and specifications.

2.3.1 HAR Datasets

In what follows, we organize datasets mainly designed for HAR applications.

e UT-HAR Dataset: The UT-HAR dataset [11] was collected in an indoor
office environment using an Intel 5300 NIC with the Linux 802.11n CSI tool. It
includes six activities (e.g., walking, sitting) performed by six individuals under
LOS conditions. Data columns contain timestamps, 90 amplitude values across
30 subcarriers and 3 R, antennas operating at 5 GHz frequency, followed by 90
corresponding phase values, resulting in a CSI format of 1 x 250 x 90 with an
approximate 4 GB size. Following the IEEE 802.11n/ac standard, this dataset,
despite challenges with noise and variability, is valuable for developing activity

recognition models and is available on GitHub.

e WiAR Dataset: The WiAR dataset [79] comprises 16 activities performed
by 10 volunteers across three indoor environments, collected with an Intel 5300
NIC operating on IEEE 802.11n standard at 5 GHz with 20 MHz bandwidth. It

includes raw RSSI and CSI data across 30 subcarriers, 1 T,, and 3 R,, antennas
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with an approximate 5 GB size. Each row represents time-specific data con-
sisting of two periods, active (human activity is being performed) and empty
(background data with no activity). This structure helps in smart homes and
healthcare environments by enabling activity recognition in a dynamic environ-

ment.

WiCount Dataset: The WiCount dataset [80] captures CSI data with de-
tailed amplitude and phase information across 30 subcarriers, 2 T,, and 3 R,,
antennas, collected using an Intel NUC laptop and mini R1C router operating
on IEEE 802.11n standard at 5 GHz with 20 MHz bandwidth. This dataset
allows volunteers free movement, enhancing its applicability in scenarios where

precise movement tracking is essential. It is available on GitHub.

WiMANS Dataset: The WiMANS dataset [51] is designed for multi-user ac-
tivity sensing in smart homes and security contexts, capturing interactions of
up to five users in dynamic environments. Using an Intel 5300 NIC operating
on IEEE 802.11n standard with 3 7;, transmitting and 3 R, receiving antennas,
it collects CSI data across 30 subcarriers at both 2.4 GHz and 5 GHz frequen-
cies. The dataset provides over 9.4 hours of CSI data synchronized with video

recordings. The dataset, 1.44 GB in size, is accessible on GitHub.

FallDeFi Dataset: FallDeFi [81] supports activity and fall detection applica-
tions. It includes CSI traces for activities such as falling, walking, and sitting,
collected with Intel 5300 NICs operating on IEEE 802.11n standard at 5 GHz
with 20 MHz bandwidth, using 2 7,, transmitting and 2 R,, receiving anten-

nas across 30 subcarriers in typical indoor spaces (bedrooms, corridors). This
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time-sequence data is valuable for fall detection research and is available on

GitHub.

2.3.2 Gesture Recognition and Sign Language Datasets

In what follows, we organize datasets mainly designed for gesture recognition and

sign language applications.

e Widar3.0 Dataset: Introduced in 2019, the Widar3.0 dataset [65] focuses on
gesture recognition with CSI data collected from 16 users across various in-
door environments using Intel 5300 NIC utilizing 1 T},, and 18 R,, across 30
subcarriers at 5.8 GHz. Its Body-coordinate Velocity Profile (BVP) feature
enhances recognition accuracy in diverse settings, making it suitable for ap-
plications needing robust performance. The dataset is 3.4 GB and available

online®.

e SignFi Dataset: The SignFi dataset [15] is the first to enable sign language
recognition using CSI. It includes 276 gestures from 5 users, captured in lab
and home environments with a 5 ms sampling rate and noise preprocessing to
ensure accuracy. Collected using Intel 5300 NIC following IEEE 802.11n at 5
GHz and 20 MHz frequency, utilizing 3 T;, and 1 R,,, antennas. The dataset is

1.44 GB and accessible online?.

e Wi-SL Dataset: The Wi-SL dataset [82] enables fine-grained gesture recog-
nition through Wi-Fi CSI, without requiring wearable devices. Collected using

TP-Link WDR4310 routers operating on IEEE 802.11n standard at 5 GHz with

Shttp://tns.thss.tsinghua.edu.cn/widar3.0/index.html
‘https://yongsen.github.io/SignFi/
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40 MHz bandwidth, utilizing 2 7T, transmitting and 3 R,, receiving antennas
across 114 subcarriers, with CSI extracted using the Atheros tool. It provides
a non-invasive, cost-effective option suitable for smart home and assistive ap-
plications. Preprocessing may be necessary to mitigate challenges such as noise

and multipath effects.

e CrossSense Dataset: The CrossSense Dataset [83] comprises 1,200,000 activ-
ity samples from 100 users performing 40 gestures, captured using both Intel
5300 NIC and TP-Link WDR7500 devices operating on IEEE 802.11n at 5 GHz.
The system utilizes 3 T,, transmitting and 3 R,, receiving antennas across 30
subcarriers. Focused on gesture recognition and human-computer interaction,
its robust design enables reliable performance across diverse scenarios and large-

scale implementations. The dataset is available on GitHub.

e DeepSeg Dataset: DeepSeg [84] supports both fine-grained and coarse-grained
HAR. Collected in a meeting room setting using a Linux-based Intel 5300 NIC
operating on IEEE 802.11n standard with 1 7}, transmitting and 3 R,,, receiving
antennas across 30 subcarriers, it includes data for 10 activities performed by
5 volunteers, making it versatile for model evaluation. The dataset is available

on GitHub.

2.3.3 Health Monitoring and Specialized Datasets

In what follows, we organize datasets mainly designed for health monitoring applica-

tions.
e eHealth CSI Dataset: The eHealth CSI dataset [85] provides high-resolution
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CSI data combined with phenotype and heartbeat information for health mon-
itoring applications. Using a Raspberry Pi 4B operating on IEEE 802.11n
standard at 5 GHz with 80 MHz bandwidth, the system captures data using 1
T, transmitting and 1 R,, receiving antenna across 234 subcarriers. Collected
in a controlled setting, this dataset supports applications in physical analysis

and activity recognition. Access requires a request form.

IEEE 802.11ac 80 MHz CSI Dataset: This dataset [86] includes channel
measurements over an 80 MHz and 5 GHz bandwidth, suited for HAR and
person identification. Using 3 T,, and 3 Rm antennas across 242 subcarriers

have been collected across seven diverse environments, it offers time diversity

and spans 23.6 GB. Available for download via GitHub.

Wi-Fi CSI-based HAR Dataset: Supporting smart home automation and
security, this dataset [87] captures activities in three rooms, with each activity
labeled with an image and bounding box. Data collection utilized 2 TP-Link
TL-WDRA4300 routers with 3 7,, transmitting and 3 R,, receiving antennas,
operating on dual bands: 2.4 GHz with 20 MHz bandwidth across 56 subcarriers,
and 5 GHz with 40 MHz bandwidth across 114 subcarriers. The dataset is
available on GitHub in two versions: 1.2 GB without images or 9.1 GB with

images.

CSI Human Activity Dataset: Collected in rooms of approximately 4 m
x 4.5 m, this dataset [88] supports healthcare and smart living applications.

Data collection employed Raspberry Pi 3B+ and 4B with ASUS RT-AC86U
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routers, utilizing 2 T}, transmitting and 2 R,, receiving antennas, with CSI ex-
tracted using the Nexmon tool. The system operates in two configurations: 128
subcarriers at 40 MHz bandwidth and 256 subcarriers at 80 MHz bandwidth.
Although inherently noisy, this 23.6 GB dataset provides comprehensive data

for activity recognition tasks and is available on GitHub.

e WIiADG Dataset: The WiADG dataset [89] focuses on gesture recognition
using device-free Wi-Fi, featuring two TP-Link TL-WDR4300 routers on IEEE
802.11n at 5 GHz with 40 MHz bandwidth. The setup incorporates 3 T;, trans-
mitting and 3 R,, receiving antennas, spanning 114 subcarriers, with CSI ex-
tracted using the Atheros tool. Collected in two indoor environments, it is
optimized for gesture recognition via adversarial domain adaptation and is ac-

cessible on GitHub.

2.3.4 Other Datasets

e ZigFi Dataset: ZigFi [90] was collected using Intel 5300 NICs and TelosB
motes in environments with varying noise, including offices during day and
night. It is valuable for studying environmental impacts on CSI. The data is

available on GitHub.

e EyeFi Dataset: The EyeFi dataset [91] combines vision data from a Bosch
Flexidome IP Panoramic Camera with Wi-Fi data from an Intel 5300 NIC.
Collected in lab and kitchen settings, it contains over 1.2 million Wi-Fi packets

and is valuable for multi-modal research. Available on Zenodo.
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Table 2.1: Publicly Available Datasets

Dataset Ref. Year Extraction Tool Hardware Specifications
Name
UT-HAR [11] 2017 Linux 802.11n Intel 5300 NIC 3 R,, Antennas, 30 Subcarriers Per
(OP) Antenna, IEEE 802.11n/ac (5 GHz)
WiCount (80] 2017 Linux 802.11n Intel 5300 NIC, 27T},,3 R,, Antennas, 30 Subcarriers,
(OP) Mini R1C IEEE 802.11n (5 GHz, 40 MHz)
CrossSense [83] 2018 Linux 802.11n Intel 5300 37Ty, 3 Ry, Antennas, 30 Subcarriers,
(OP) NIC, TP-Link IEEE 802.11n (5 GHz)
WDR7500
WiIADG [89] 2018 Atheros CSI 2 TP-Link TL- 3 T,, 3 R, Antennas, 114 Subcarri-
(OP) ‘WDR4300 ers, IEEE 802.11n (5 GHz, 40 MHz)
FallDeFi (81] 2018 Linux 802.11n Intel 5300 NIC 2 Th, 2 Ry, Antennas, 30 Subcarriers,
(OP) IEEE 802.11n (5 GHz, 20 MHz)
SignFi [15] 2018 OpenRF 802.11n Intel 5300 NIC 3Ty, 1 Ry, Antennas, 30 Subcarriers,
(OP) IEEE 802.11n (5 GHz, 20 MHz)
CSI  Hu- (88] 2019 Nexmon CSI Raspberry Pi 2 Ty, 2 Ry, Antennas, 128 Subcar-
man Activ- 3B+/4B, ASUS riers (40 MHz), 256 Subcarriers (80
ity RT-AC86U MHz)
WiAR [79] 2019 Linux 802.11n Intel 5300 NIC 1Ty, 3 Ry Antennas, 30 Subcarriers,
IEEE 802.11n (5 GHz, 20 MHz)
Wi-SL [82] 2020 Atheros CSI TP-Link 2 Ty, 3 Ry Antennas, 114 Subcarri-
‘WDR4310 ers, IEEE 802.11n (5 GHz, 40 MHz)
DeepSeg (84] 2020 Linux 802.11n Intel 5300 NIC 1Ty, 3 Ry, Antennas, 30 Subcarriers,
(OP) IEEE 802.11n
ZigFi (OP) [90] 2020 Linux 802.11n Intel 5300 NIC 3 Th, 3 Rym Antennas, 64 Subcarriers,
IEEE 802.11n (2.4 GHz, 20 MHz)
EyeFi (OP) [91] 2020 Linux 802.11n Intel 5300 NIC 3 Rm Antennas, 30 Subcarriers,
IEEE 802.11n
Widar3.0 [65] 2020 Linux 802.11n Intel 5300 NIC 1 Ty, 18 Ry, Antennas, 30 Subcarri-
(OP) ers, IEEE 802.11n (5.8 GHz)
Wi-Fi CSI- (87] 2022 Atheros CSI 2 TP-Link TL- 3 T,, 3 R, Antennas, 56 Subcarriers
based HAR WDRA4300 (2.4 GHz, 20 MHz), 114 Subcarriers
(5 GHz, 40 MHz)
eHealth (85] 2023 Nexmon CSI Raspberry Pi4B 1 T, 1 R,, Antenna, 234 Subcarri-
CSI ers, IEEE 802.11n (5 GHz, 80 MHz)
IEEE (86] 2023 Nexmon CSI Netgear X4S, 3 Ty, 3 Ry Antennas, 242 Subcarri-
802.11ac 80 ASUS RT- ers, IEEE 802.11ac (5 GHz, 80 MHz)
MHz AC86U
WiMANS [51] 2024 Linux 802.11n Intel 5300 NIC 3Ty, 3 Ry Antennas, 30 Subcarriers,
(OP) IEEE 802.11n (2.4 GHz, 5 GHz)

42



Table 2.2: Recommended DL Methods for CSI-based Wi-Fi Sensing Tasks

Task Type

Data Characteris-
tics

Recommended Methods

Temporal and Sequen-
tial Analysis

Sequential CSI Data

RNNs, LSTMs, and Transformers for capturing temporal pat-
terns in CSI sequences [92-96];

Classification tasks that rely on temporal dependencies can
also leverage these methods.

Spatial Analysis

CSI Amplitude Maps

CNNs for extracting spatial features from CSI amplitude
Attention mechanisms to focus on relevant antennas or sub-
carriers [97-99];

Classification tasks with strong spatial dependencies can also
use these methods.

Generative Modeling

Amplitude and Phase
Distributions

Autoencoders for learning representations and compression of
CSI data [100];

Generative usage for data augmentation or anomaly detection
[101-103]

Unsupervised Learning

Unlabeled CSI Data

Clustering methods to discover patterns in CSI amplitude and
phase [104];
SSL for pretraining representations [105]

2007

Handcrafted CSl feature
extraction + SVM, KNN for

activity detection.

Physical Models

p:

l

ToF models for Wi-Fi CSI

Fresnel zone, AoA,
sensing.

learning (SimCLR, VICReg).

> Self-Supervised Learning>

2022

[Unlabeled CSl representation

End-to-end CSl feature
extraction with CNNs, LSTMs.

Figure 2.4: Evolution of Methodologies for Wi-Fi Sensing

2.4 Conventional Deep Learning for Wi-Fi Sensing

In this section, we provide a brief overview of the existing DL methods for CSI-based

Wi-Fi sensing. As summarized in Table 2.2, time-independent models (e.g., CNNs,

DNNs) suited for spatial feature extraction and time-dependent models (e.g., RNN,

LSTMs) are suitable for capturing temporal dynamics. Sequential tasks benefit from

models like RNNs, GRUs, and Transformers, which handle temporal dependencies

effectively. In contrast, spatial tasks leverage CNNs for modeling spatial correlations
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across antennas and subcarriers. For scenarios with limited labeled data, unsuper-
vised methods such as autoencoders and SSL approaches are invaluable for learning

meaningful representations.

2.4.1 Time-Independent Models

Wi-Fi sensing environments are highly dynamic and require models capable of adapt-
ing to temporal shifts. Time-series datasets are influenced by external factors such as
movement and interference, making time-dependent models essential for accurately
capturing temporal changes. However, time-independent models process data without
considering temporal dependencies, making them well-suited for tasks where sequence

order does not influence outcomes.

2.4.1.1 Deep Neural Networks (DNNs)

DNNs [106] model complex nonlinear interactions through multiple layers of con-
nected neurons, enabling them to effectively extract patterns from high-dimensional

CSI data. Each layer I computes an activation h®) as follows:
h) = o (WOR(=Y 4 p0) (2.26)

where h(® = x (input layer) and h® =y (output layer). By stacking layers, DNNs
extract hierarchical features, reducing the reliance on manual feature engineering.
WiCount [107] employed a fully connected feed-forward neural network with two
hidden layers trained on the phase and amplitude features of CSI data. This system
achieved an accuracy of 82.3% in estimating up to five individuals in diverse indoor
environments.
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2.4.1.2 Convolutional Neural Networks (CNNs)

CNNs [108] are powerful feature extractors for spatial patterns in CSI data. The
convolution operation applies a filter w across the input x, producing feature maps
y:

y = f(xxw+b), (2.27)

where * denotes convolution, b is a bias term, and f is an activation function. CNNs
are particularly effective in Wi-Fi sensing tasks, where spatial dependencies in CSI
are critical for understanding human activity. Their ability to extract spatial features
makes them indispensable for such applications. Typically, CNNs serve as feature
extractors, with their output passed to a linear classifier for final prediction.

In device-free health monitoring, [97] utilized CNNs as a preprocessing technique
connected to an SVM classifier for health status prediction, achieving improved accu-
racy. Similarly, [98] demonstrated that using CNNs as a backbone for feature extrac-
tion in HAR achieved state-of-the-art accuracy of 97.14% on the UCI HAR dataset.
This outperformed traditional models such as DNNs, LSTMs, and CNN-LSTMs. The
CNN-MLP hybrid approach showcased its ability to reduce computational overhead
while achieving superior results in low-resource environments.

For edge-cloud scenarios, [100] proposed RSCNet, which employs dilated con-
volutional layers with residual connections for CSI compression at IoT devices. The
lightweight encoder design enables real-time compression with ratios up to 1/90 while
maintaining 97.4% sensing accuracy, demonstrating CNNs’ effectiveness in resource-

constrained environments for cloud-based Wi-Fi sensing.
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2.4.2 Time-Dependent Models

Time-dependent models analyze sequential CSI data to uncover temporal dependen-

cies, which are essential for dynamic tasks such as HAR.

2.4.2.1 Recurrent Neural Networks (RNNs)

RNNs [109] are designed to learn sequential patterns by maintaining internal states

over time. The hidden state h; at time ¢ is computed as:

ht = O'(Whhtfl + Wxxt + bh); (228)

where ¢ is an activation function, W, and W, are weight matrices, and by, is a bias
vector. [110] proposed a fingerprinting approach for Wi-Fi-based localization using
RNNs, leveraging sequential RSSI patterns to achieve an average localization error
of 0.75 m, outperforming KNN and probabilistic models by 30%. Similarly, [111]
developed a passive fall detection system using Wi-Fi signals. By combining RNNs
with discrete wavelet transforms for preprocessing, their system significantly enhanced
elder healthcare by achieving higher accuracy than traditional ML models. However,
standard RNNs struggle with vanishing gradients, limiting their ability to learn long-

term dependencies [112].

2.4.2.2 Long Short-Term Memory (LSTM)

LSTM networks [113] are specifically designed to overcome the limitations of standard

RNNs by introducing sophisticated memory mechanisms. The LSTM architecture
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uses three gates to control information flow:

f, = o(Wyx; + Ush,_1 +by) (Forget gate),

ir = oc(W;x; + Ush;_; +b;) (Input gate),

o, = o(W,x; + Uyh, 1 +b,) (Output gate),
C,=f6Ci+i ®tanh(W.x;, + U.hy_; + b,) (Cell state),

h; = o, ® tanh(C,;) (Hidden state).

Recent applications highlight LSTM’s versatility in Wi-Fi sensing. [92] improved
LSTM performance by preprocessing Wi-Fi signals with Independent Component
Analysis (ICA) and Continuous Wavelet Transform (CWT), achieving 97% accu-
racy in distinguishing multiple users’ activities. For network security, [93] developed
an LSTM-based system for real-time jamming detection in IoT networks, achieving
99.5% accuracy and outperforming traditional time-independent models. Further-
more, [94] introduced Wi-SensiNet, combining CNN feature extraction with Bidi-
rectional LSTM (BiLSTM) [95] to provide forward and backward temporal context.
This hybrid architecture achieved 99% accuracy in through-wall activity recognition,

setting a new state-of-the-art performance.

2.4.2.3 Advanced Temporal Models

Recent architectural advancements have further refined temporal modeling, enabling
better capture of short- and long-term dependencies. TCD-FERN [96] introduced a

dual-network approach where one network processes immediate spatial features and
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another captures movement patterns, with selective attention mechanisms determin-
ing the most relevant temporal information. This architecture achieved breakthrough
performance in multi-room human presence detection by distinguishing between static
and dynamic Wi-Fi signal patterns. Similarly, BiVTC [114] adapted vision trans-
formers to Wi-Fi sensing by treating CSI measurements as image-like data, enabling
precise robotic activity recognition through attention mechanisms that identify subtle

signal variations. These approaches build on the fundamental attention mechanism:

Attention(Q, K, V) = soft (QKT> v (2.29)
ention(Q, K, V) = softmax , .
Vi

where Q, K,V are query, key, and value matrices. While attention-based models show
immense promise, their computational demands pose challenges [115], prompting the
development of efficient alternatives like xLLSTM [116], which balance sophisticated

temporal modeling with resource efficiency.

2.4.3 Unsupervised Learning Approaches

Unsupervised learning is critical when labeled data is limited or expensive to ob-
tain. These approaches excel at tasks like anomaly detection, clustering, and feature
extraction by identifying patterns in unlabeled data. Their versatility makes them
well-suited for real-world deployments, requiring less preprocessing. Techniques such
as clustering, autoencoders, and dimensionality reduction have significantly improved

the efficiency of Wi-Fi sensing systems.
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2.4.3.1 Clustering

Clustering algorithms group data points based on shared features, enabling automatic
pattern discovery in CSI data without requiring labeled samples. Common applica-
tions include detecting anomalous activities, such as unusual human movements, and
segmenting environmental conditions like office or home settings. A notable method,

k-means clustering, minimizes within-cluster variance:

k
argmin y > [x — (2.30)

{eidis =1 xeC;

where p; represents the centroid of cluster C;. Similarity between data points x and

x’ is often measured using the Euclidean distance:

n

d(x,x) = | > (z;—a})% (2.31)

j=1
Clustering has been employed in applications such as noise identification [117] and
human behavior analysis [104]. In [104], clustering is applied across three dimen-
sions—time, person, and location—to extract distinct patterns from CSI data. Clus-
tering by time uncovers periodic trends, clustering by person segments users based

on behavioral traits, and clustering by location identifies spatial usage patterns.
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2.4.3.2 Autoencoders

Autoencoders learn compact representations by encoding input x into a latent space

z and reconstructing it as X:

z = fenc(X), (2.32)

X = faec(2)- (2.33)

These models effectively denoise, detect anomalies, and learn robust representations
of environmental changes. In Wi-Fi sensing, autoencoders filter noise from CSI data,
enhancing feature quality for downstream tasks. Advanced architectures, such as
CNNs and DNNs are often integrated with autoencoders to process spatial and tem-
poral patterns in CSI data.

Autoencoders are typically paired with methods like few-shot learning. SwinFi
[102] incorporates an autoencoder architecture to compress and reconstruct CSI data,
reducing computational and communication overhead. Similarly, AutoSen [101] uti-
lizes a cross-modal autoencoder to enhance Wi-Fi sensing by linking CSI ampli-
tude and phase, eliminating noise, and extracting robust features. These approaches
demonstrate the versatility of autoencoders in optimizing both raw data quality and

downstream processing efficiency.
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Table 2.3: Summary of Existing Works on Domain Adaptation for Wi-Fi Sensing

Reference Task Environment Input Multi- SSL at Agnostic Agnostic Open
User Target Source Prepro- Ac-

Model cessing cess

Data

Unsupervised Domain Adaptation (UDA)

(118] Gesture Recog- Lab (Class-  Phase X X v v Widar
nition room, Hall, Ratio 3.0
Office) (BVP)
[44] User Authenti- Residential Amplitude X X 4 X X
cation & HAR  Apartment &  (Time
Office Domain&
Spectro-
gram)
WiAi- Person Recog- Indoor Floor Amplitude X X X X X
D [46] nition
Fidora [45]  Localization Office Amplitude
DF- Localization Classroom &  Amplitude
Loc [47] Office & Phase

Source-Free Unsupervised Domain Adaptation (SFUDA)

Wi- Wi-Fi Gesture Lab (Class-  Phase X X v X XRF55,
SFDAGR [52] Recognition room, Hall, Ratio Widar
Office) 3.0
MU- HAR & Ges- Lab (Class- Amplitude,v/ v v v WiMANS,
SHOT-Fi ture Recog- room, Hall, Phase Widar
nition Meeting Ratio 3.0
Room)

2.5 Domain Adaptation in Wi-Fi Sensing

To date, a handful of research works addressed domain generalization in single-user
Wi-Fi sensing using unsupervised domain adaptation (UDA) techniques. UDA em-
ploys labeled source data and unlabeled target data for training, reducing source—
target discrepancy while preserving task-discriminative structure. Most UDA solu-
tions follow a “learn-and-align” paradigm where a backbone is trained with labeled
source data while the loss function encourages target features to match the source
distribution.

Recently, [44] proposed an environment-independent user authentication system
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using CSI amplitude and spectrograms processed by CNN-based feature extractors.
They train two classifiers (user identity and HAR) with adversarial domain adapta-
tion: a domain discriminator predicts the data domain from learned features while
the feature extractor is simultaneously trained to prevent discriminator success. This
minimax objective retains identity- and activity-relevant information while suppress-
ing environment-specific cues. Similarly, WiAi-ID [46] adopted adversarial domain
adaptation for passive person identification, making identity features robust to ap-
pearance changes (clothing, carried items) rather than environmental changes, using
CSI amplitude from single-person walking traces. Both methods evaluate on single-
user scenarios.

Adversarial domain adaptation is most effective when domain shifts alter irrelevant
signal characteristics while label-relevant features remain stable across domains. In
multi-user HAR, however, CSI reflects an entangled superposition of multiple users’
motions, and environment- or frequency-dependent variations are tightly coupled with
the cues required for user separation [42,43]. Enforcing domain invariance in this
setting can suppress information essential for disentangling users, leading to negative
transfer®. In contrast, single-user settings better satisfy the assumptions of adversarial
adaptation, as identity- and activity-relevant features can be isolated.

Beyond adversarial alignment, reconstruction-based objectives have been explored
for UDA. Fidora [45] addressed indoor localization by classifying which of eight pre-
defined locations a person occupies based on CSI fingerprints, using a variational au-

toencoder (VAE) for CSI data augmentation and a joint classification-reconstruction

5Negative transfer occurs when adaptation degrades performance: the adapted model performs
worse than a non-adapted baseline (e.g., source-only) because the adaptation objective suppresses
label-relevant information along with domain-specific factors.
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network for domain adaptation across environmental changes. However, reconstruc-
tion methods assume stable, deterministic mappings between CSI patterns and spa-
tial/activity representations. Multi-user scenarios violate this assumption through
signal entanglement [50]—the same CSI pattern can correspond to different user-
activity configurations depending on the number of users, their relative positions,
and movement synchronization.

DF-Loc [47] improved localization accuracy with Multi-Source UDA (MUDA),
leveraging multiple environments as source domains. Using both CSI amplitude and
phase, DF-Loc employed two-stage alignment: first aligning feature distributions,
then aligning regressor outputs for prediction consistency, plus adversarial learning
with domain discriminators to enhance domain-invariant feature extraction. However,
multi-source transfer risks negative transfer when sources poorly match the target.
In multi-user scenarios, variable occupancy across source domains introduces biased
activity distributions that degrade adaptation performance.

Lastly, [118] presented one of the first UDA methods for RF-based gesture recog-
nition on the Widar 3.0 dataset. They extracted body-coordinate velocity profiles
(BVP) from CSI phase ratios and employed (1) pseudo-labeling to generate pseudo-
labels for unlabeled target data, enabling cross-entropy training, and (2) consis-
tency regularization that enforces prediction consistency between original BVP fea-
tures and augmented versions. However, pseudo-labeling can lead to class imbalance
bias—converging toward dominant classes when the dataset is skewed. This is also a
challenge for multi-user scenarios, where variable user counts create imbalanced ac-
tivity distributions where empty-room or single-user samples may dominate, causing

the model to under-represent occupancy states and degrade performance on classes
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with less samples.

Overall, existing UDA solutions focus exclusively on single-user cases and as-
sume access to source domain data, raising privacy concerns when data is confiden-
tial. Moreover, adversarial learning while effective for single-user alignment—does
not guarantee applicability in multi-user settings due to signal entanglement that
violates domain discriminator assumptions.

More recently, source-free unsupervised domain adaptation (SFUDA) has emerged
as an alternative that adapts pretrained source models using only unlabeled target
data [119]. SFUDA methods typically employ entropy minimization, pseudo-labeling,
or neighborhood consistency [119,120]. However, applying these to multi-user Wi-Fi
sensing introduces three fundamental challenges: (1) class imbalance: standard infor-
mation maximization treats all output dimensions uniformly, but “no person” slots
dominate when users are less than M [51], causing collapse toward the dominant class;
(2) permutation invariance: clustering-based pseudo-labeling cannot specify which
activity belongs to which slot, while Hungarian matching requires explicit slot-level
targets unavailable during UDA; (3) signal entanglement: neighborhood consistency
assumes stable feature-to-label mappings, but multi-user CSI reflects superposed ac-
tivities where identical features may correspond to different user configurations [50].

Wi-SFDAGR [52] addresses single-user gesture recognition through clustering-
based adaptation with an attraction—dispersion objective and uncertainty-weighted
neighbor selection based on prediction entropy. While effective for single-user settings
with balanced gesture distributions, this approach assumes (i) samples with similar
features belong to the same class, enabling direct cluster-to-label assignment, and

(ii) each sample maps to a single activity label. Both assumptions break down in
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multi-user scenarios due to class imbalance and permutation invariance, i.e., similar
features can correspond to different slot orderings of the same underlying activity set
(e.g., [walk, sit, 0] and [sit, walk, ()] are equivalent but produce different feature-label
pairs).

Overall, existing UDA and SFUDA methods primarily target single-user classifi-
cation under moderate domain gaps [48,49]. Multi-user sensing suffers from: (i) class
imbalance from unoccupied slots, (ii) signal entanglement invalidating stable feature
mappings, and (iii) variable occupancy requiring structured set predictions rather

than single-label outputs.
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Chapter 3

MU-SHOT-Fi: Self-Supervised Multi-User Wi-Fi
Sensing with Source-free Unsupervised Domain

Adaptation

3.1 MU-SHOT-FI: Set-Based Multi-User HAR Formulation and Source

Training

The proposed MU-SHOT-FT (Fig. 3.1) addresses multi-user sensing through two key
components: (1) permutation-invariant set-based prediction across M slots during
source training via Hungarian matching (Section 3.1.3), and (2) target adaptation
with frozen classifier while updating the backbone through rotation-based spatial
self-supervision (Section 3.2). Specifically, this section first details the preprocessing
of the CSI data, then presents the set-based HAR problem formulation, and finally

describes the source-domain training mechanism for multi-user sensing.
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3.1.1 Data Preprocessing

As established in Section 2.1.4, multi-user Wi-Fi sensing presents fundamental chal-
lenges due to signal entanglement, where the multipath model (Eq. 2.10) aggregates
contributions from all active users simultaneously, making it difficult to attribute
observed CSI variations to specific individuals [50,51]. Unlike single-user settings,
multi-user scenarios involve predicting an unordered activity set y = {y1,...,yn,},
where y; € A represents an activity from K possible classes and N, denotes the true
number of people present. Critically, N, is unknown and varies across samples, creat-
ing a variable-size prediction problem. This inherent permutation invariance—where
one person walking while another sits has the same semantic meaning as one per-
son sitting while another walks—motivates formulating the problem as set prediction
rather than ordered sequence prediction.

From commodity Wi-Fi devices, we obtain raw CSI measurements as complex-
valued tensors X,q,, € CT*NrxNexNee (Fq. 2.9), representing temporal samples, receive
antennas, transmit antennas, and subcarriers. We reshape the spatial dimensions,
yielding the input representation x € R *T where F' = N,.- N, - N, is the flattened
spatial dimension and 7' is the temporal length. To handle variable occupancy, we
pad the ground-truth activity set y to a fixed-size vector y € (AU {0})M of length
M using the "no person” token: y = [y1,...,yn,,0,...,0], where ¥ contains the
N, actual activities and M — N, instances of () (the ordering is considered up to
permutation, since training uses permutation-invariant bipartite matching). This
allows the model to predict () for unoccupied slots, reducing the hypothesis space
K+N,

”71) unordered sets.
P

from (K)™ ordered sequences to ( N
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3.1.2 Source Model and Set-Based Multi-User HAR Formulation

We consider SFUDA for CSI-based multi-user sensing, where a model trained on a
labeled source domain must adapt to an unlabeled target domain without access to
the source dataset. Formally, let D, = {(x{,y7)}=, denotes ny labeled source samples
drawn from distribution Py(X,Y), and let D, = {x’}*, denotes n; unlabeled target
samples drawn from marginal distribution P;(X). The source and target domains
exhibit distribution shift, i.e., P(X,Y) # Py(X,Y). During adaptation, only the
pre-trained source model and target data D, are available; the source data Dj is
inaccessible.

The source model consists of three components parameterized by 0, = {ns, 15, ds},
i.e., a feature extractor F,_ : R>™T — R a bottleneck (linear) layer By, : RY —
R% and a classifier Cy, : R% — R¥ (single-user) or Cyp, : R% — RM*E+D (multi-
user). The complete forward pass is fy, (x) = Cy, (By, (F;,,(x))). For single-user tasks,
the classifier outputs K activity class logits. For multi-user sensing, it outputs M
slots with K41 classes each (K activities plus “no person” ), where M is the maximum
occupancy.

We then formulate multi-user activity recognition as a set prediction problem,
inspired by [62] and [63] in Wi-Fi sensing. The classifier C;, : R% — RM*(E+D

outputs logits for M slots with K+1 classes (where dj, is the bottleneck dimension):

¥ = Co(By(Fy(x))) € RM*UEHD, (3.1)
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Each slot m € {1,..., M} is processed with softmax to produce a probability distri-

bution over K+1 classes (where class k = K represents “no person”):

~exp(y[m, k])
Pt = o e BE {0 KD (3.2)

This formulation naturally represents any combination of up to M simultaneously
active users, with variable occupancy captured by slots predicting () (class K) versus

actual activities (classes 0, ..., K—1).

3.1.3 Hungarian Matching: Multi-User Source-Domain Training

During source training where ground-truth labels are available, we face a permutation
invariance challenge: users can appear in any slot order, making direct index-based
matching infeasible. For example, if two users perform “walk” and “sit,” the ground-
truth padded set y = {walk, sit, (), ..., 0} is equivalent to y = {sit, walk,, ..., 0}, yet
they correspond to different slot-wise labels. We employ the Hungarian algorithm to
obtain optimal permutation-invariant matching between predicted slots and ground-
truth annotations [62,63,121].

RM*M where each element

For each sample, we construct a cost matrix Q €
represents the negative log-probability of assigning predicted slot ¢ to ground-truth
slot 7:

Qij = — log p;, b5 (3.3)

where g; € AU{0} denotes the j-th element of the padded ground-truth vector y, and
iy, is the predicted probability that slot i outputs activity class ; (from Eq. 3.2).

The Hungarian algorithm efficiently finds the optimal permutation o* € Sy, (where
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Sy is the set of permutations over M elements) that minimizes the total assignment

cost:
M

0" = arg min Z Qi.0(i)- (3.4)

O’GSJ\/[
=1

The source training loss uses this optimal matching to compute cross-entropy loss

function as shown below:

L matched-CE = % ; Lce(yli], y[o™(7)]), (3.5)

where Lcg(+,-) is the cross-entropy loss between predicted logits and the ground-
truth class index, and y[o*(¢)] € {0,..., K} denotes the class index of the ¢*(7)-th
element in the padded ground-truth vector. This matching-based supervision enables
permutation-invariant learning during source training, i.e., the model is free to assign

any activity to any slot, as the loss automatically finds the best alignment.

3.2 MU-SHOT-Fi: SFUDA in the Target Domain

MU-SHOT-Fi’s SFUDA framework combines (1) occupancy-weighted information maz-
imization (Section 3.2.1), which prevents collapse toward the dominant class by fo-
cusing diversity regularization on likely-occupied slots, and (2) rotation-based spa-
tial self-supervision (Section 3.2.2), which exploits CSI’s frequency-time structure for
domain-invariant feature learning. The classifier remains frozen while the backbone

adapts.
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3.2.1 Occupancy-Weighted Information Maximization

In the source-free adaptation phase, target-domain labels are not available. As a re-
sult, the model cannot be fine-tuned using supervised cross-entropy. Instead, methods
such as SHOT [119] rely on information maximization (IM), which uses prediction en-
tropy as a self-training signal: it pushes the model toward confident decisions on target
inputs while encouraging balanced use of classes through a marginal-distribution reg-
ularizer (GENT). MU-SHOT-F1i adopts this idea and designs a permutation-invariant
entropy-based objective suitable for multi-user slot outputs. For a categorical distri-

bution p, Shannon entropy is defined as follows:

H(p) = - prlog(pi + ), (3.6)

where € is a small constant used for numerical stability. High entropy indicates uncer-

tainty (nearly uniform predictions) and low entropy indicates confident predictions.

3.2.1.1 Standard IM

The standard IM formulation is:

EIM = Eent - LStd

gent’

(3.7)

td

where Loy drives confident predictions and L35 maintains class diversity via condi-

tional and marginal entropy terms.
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Figure 3.1: Architecture of the proposed MU-SHOT-Fi adaptation framework with
spatial self-supervised losses for HAR.

3.2.1.2 Conditional entropy minimization (confidence)

Let p; m i be the softmax probability of class £k at slot m for target sample 7 in a mini-
batch of size N, where m € {1,...,M} and k € {0,..., K} (with k = K denoting
“no person”). Denote the slot-wise class distribution by p;,, € REf*! (Eq. 3.2).
We encourage confident slot-wise predictions by minimizing the average conditional

entropy:

Lo = 537 23 Hlpi). 33

3.2.1.3 GENT: Marginal entropy maximization (diversity)

Entropy minimization alone can collapse to predicting the same class everywhere.
SHOT-IM therefore uses GENT [120], which maximizes the entropy of the batch
marginal class distribution. Standard SHOT-IM computes the marginal by uniformly

averaging over all NV samples and all M slots:

N M
1
—std
B = 5 2o D Pimks K E{0, K}, (3.9)

i=1 m=1

62



defining the diversity loss as

‘Cz;teit _ std Zpstd log —std ) (310)

In multi-user sensing, Eq. (3.9) treats “no person” exactly like any activity and forces
diversity over many truly-empty slots, which can amplify imbalance-driven collapse.

To understand this failure mode formally, recall that standard information max-
imization (IM) [119] aims to maximize the mutual information between input x and
prediction y:

I(x;y) = H(y) — H(y | x), (3.11)

where H(y) promotes diversity via the marginal distribution and H(y | x) enforces
confident predictions. In practice, H(y) is approximated by the batch marginal en-
tropy H(p*) (Egs. (3.9)—(3.10)). However, in multi-user activity classification with
M = 6 slots and variable occupancy, the “no person” class k = K is structurally dom-

—std

inant, i.e., p54 > pitd for k € {0,..., K — 1}. As a result, maximizing H(p*?) over

st
all K + 1 classes encourages uniformity including class K, leading to trivial collapse
where predictions concentrate on the dominant class [119,120]. This failure mode is
empirically confirmed in our experiments (Section 3.5), where standard IM degrades
performance under domain shift.

The core issue is that standard IM maximizes I(x;y) over the full label space with-

out accounting for occupancy structure. In multi-user sensing, meaningful diversity

should only be enforced over occupied slots, while empty slots should not influence the
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marginal distribution. This motivates our proposed formulation, which can be inter-
preted as maximizing the conditional mutual information I(x;y | occ = 1), i.e., mu-
tual information restricted to likely-occupied slots. Our occupancy-weighted GENT
loss Lge, implements this by weighting each slot’s contribution with pocc[i, m] =
1 — pimx: when a slot is confidently empty (p;m x — 1), its weight approaches zero
and contributes nothing to diversity; when likely occupied (p; . x — 0), it contributes
fully.

This resolves collapse, since the trivial solution of predicting k = K everywhere
yields zero weight for all slots and thus no diversity reward. While this shares intuition
with cost-sensitive reweighting [122], our approach operates at the slot level within

each prediction, dynamically determined by model confidence rather than dataset-

level class frequencies.

3.2.1.4 Proposed Occupancy-weighted IM

Our multi-user information maximization objective is defined as follows:

‘CIM—multi = 'Cent - Lo (312)

gent”

By focusing diversity regularization on likely-occupied slots and excluding “no per-
son” from the marginal, this objective mitigates imbalance-driven collapse: occupied
slots are encouraged to spread across activities, while truly-empty slots can confi-
dently predict “no person” without being penalized for lacking diversity. Our key
modification is to keep the same confidence term Len (Eq. (3.8)), but redefine the
diversity term so that it focuses on likely-occupied slots and excludes “no person”
from the marginal.
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First, we compute a slot occupancy probability as the probability of predicting

any activity except “no person”; i.e.,

pocczm szmk_l_pme- (313)

Thus, slots with high po.[i, m] are likely occupied. We then weight activity probability

with the slot occupancy probability, i.e.,
ﬁi,m,k = Pimk pocc[ia m], k= 07 cey K -1 (314)

This suppresses contributions from slots confidently predicting “no person,” prevent-
ing the diversity term from pushing the model to artificially diversify among empty
slots.

Next, we form the occupancy-weighted marginal over activity classes only (exclud-

ing “no person”), i.e.,

M
1
”C:— — Dimk, k=0,...,K—1, 3.15
P =2 N ;;p, e (3.15)
where 7 = ZkK 01 pre¢ ensures normalization. We then define the corresponding

GENT loss function term as follows:

K-—1
Lo, = —H(p") = Y o log(pe° + ). (3.16)
k=0
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3.2.2 Rotation-based Spatial Self-Supervision

To align source and target representations without labels, we add self-supervised
learning (SSL) losses on the shared CSI input and a shared bottleneck embedding,

rather than on individual slot outputs. Concretely, let
b(x) = By(F,(x)) € R",

denotes the bottleneck feature for sample x. SSL regularizes this shared embedding,
benefiting all slots simultaneously.

Specifically, we use a rotation prediction task (0° vs. 180°) on the frequency—time
CSI grid [64]. Let rot(x,r) be x rotated by angle r € {0°,180°}. The rotation head
R, takes the concatenation of bottleneck features from the original and rotated inputs
and predicts r, i.e.,

R, ([b(x); b(rot(x, r))]) € B.

Following SHOT++ [120], we (i) pre-train R, on target data while freezing the
source feature extractor, then (ii) keep the task during adaptation but apply stop-

gradient on the original branch to avoid interfering with activity classification:

Lot =Eyx, [/JCE (R,Y([sg(b(x)); b(rot(x,7))]), T)] ) (3.17)

Here sg(-) denotes stop-gradient [123], and [-; -] denotes concatenation. Stop-gradient
on the original branch prevents the rotation loss from pulling the shared embedding
away from what the main slot-prediction objective needs, while the rotated branch

still provides spatial regularization.
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Figure 3.2: Architecture of the proposed single-user SHOT-Fi adaptation framework
with spatiotemporal SSL for HAR.

3.2.3 Proposed Loss Function

The proposed multi-user adaptation objective combines occupancy-weighted infor-
mation maximization and rotation-based self-supervised loss function and can be

formulated as:

Laiu-sHOT-Fi = Aent LiM-multi + Arot Lrot - (3.18)

where Aoy and Ao represent the weight of contribution of each loss term. Train-
ing proceeds in two stages: (i) rotation SSL pre-training on unlabeled target data
with frozen source features, followed by (ii) joint adaptation with Livmui and Lyet.

Algorithm 1 details the sequence of training procedure.
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Algorithm 1: MU-SHOT-Fi: Multi-User Adaptation

Require: Pre-trained source model fy, = Cy, o By, o I}, , unlabeled target data D,

number of slots M, number of activity classes K

Ensure: Adapted model fy,

1:

Stage 1: Rotation SSL Pre-training on Target Domain

2: Pre-train rotation classifier R, with frozen F, and By, (Eq. 3.17)
3: Stage 2: Joint Adaptation

4: Initialize: Fm < Fﬂsv B¢t — Bws, C¢t — C¢S

5: Freeze classifier: Cy,.requires_grad = False

6: for each epoch do

7. for each batch {x!}¥, in D; do

8: Forward: yorea = Cy, (By, (Fy, (x1))) € RVMx(K+D)
9: Compute p; 1 = softmax(ypreal, m, :]) for all b,m (Eq. 3.2)
10: // Occupancy-Weighted Information Mazimization
11: Compute Lq,; via Eq. 3.8

12: Compute poccli, m] via Eq. 3.13

13: Compute p; 1 via Eq. 3.14

14: Compute marginal p, via Eq. 3.15, then normalize
15: Compute L5oh via Eq. 3.16

16: ﬁlM—muIti — £ent - ﬁggﬁt

17: // Self-Supervised Loss

18: Compute L, with stop-gradient (Eq. 3.17)

19: Lnu-sHOT-Fi = Aent LiMmutti T Arot Lrot

20: Update {n, 1,7} via gradient descent

21:  end for

22: end for

23: return Adapted model fp,

3.3 SU-SHOT-Fi: Single-User HAR as a Special Case

The MU-SHOT-Fi framework simplifies naturally to single-user scenarios where each

CSI sample corresponds to exactly one activity from K mutually exclusive classes

(see Algorithm 2 and Fig. 3.2). In this setting, the proposed adaptation strategy for

SU-SHOT-Fi is explained below.
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3.3.1 Standard IM with no Hungarian Matching

First, occupancy is fixed at one user per sample, eliminating variable occupancy.
Thus, we use the standard SHOT-IM objective [119] denoted by L, which com-
bines (i) conditional entropy minimization to encourage confident predictions, and (ii)
marginal entropy mazimization (GENT) to avoid degenerate collapse by promoting
diverse classes across the target batch. Second, with only one prediction per sample,
slot permutation invariance disappears—there is no need for Hungarian matching as

predictions map directly to ground truth during source training.

3.3.2 Clustering-based Pseudo-labeling

Unlike multi-user scenarios, single-user datasets exhibit relatively balanced class dis-
tributions across activities [65]. This balanced setting enables SHOT’s clustering-
based pseudo-labeling [119], since the model won’t converge to the dominant class
which is a limitation of multi-user case. Pseudo-labeling generates supervision through
clustering. At each epoch, we extract bottleneck features z; = By(F;(x})) € R® and
predictions p; = 0(Cy(z;)) € R for all target samples j € {1,...,n;}. Features
are normalized with a bias term z; = [z;;1]/[/z;]|2 € R® "', and class centroids are

initialized as the prediction-weighted average of normalized features, i.e.,

S b
j=1PjkZ;

Z;il pik

ch = ke{l,... K}, (3.19)

Each sample is then assigned to its nearest centroid using cosine distance:
g; =arg min  deosine(Z;, Cr), (3.20)

ke{lva}
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uTv

— Talav:  Centroids are refined once using the following

where deosine(u,v) = 1

assignments, i.e.,
Ej:yj:k Zj

Cp < 77—~
{7 9; = K}

and pseudo-labels are then reassigned. The pseudo-labeling loss supervises the model,

(3.21)

ie.,

L= 3 Lor(Col Bu(Fy (). 35) (3.22)

j=1
The classifier outputs Cy : R% — R¥ logits over K activities without the “no person”

class.

3.3.3 Temporal SSL via CPC

We also consider Contrastive Predictive Coding (CPC) [124] to exploit temporal
structure in CSI sequences. While rotation-based spatial SSL targets invariances in
the frequency—time grid, temporal dynamics (e.g., periodic stride patterns during
walking) provide domain-invariant cues even when absolute CSI values shift across
environments and hardware. CPC splits x € R> ™7 into W = |T/w| windows of
length w, encodes each window with encoder g¢, summarizes past context with GRU

h.,, and predicts future embeddings using InfoNCE loss:

& al exp(si?)

1 1 |
T TN 08 =¥ k
k=1 N i=1 Zj:l eXP(SE,j))

Ky

Lope = : (3.23)

) _ ,@OT

where K, is the prediction horizon and SEIZ = Z, zii)k /T is the temperature-scaled

cosine similarity between predicted future embedding ig
()
Z,

 and true future embedding
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3.3.4 SU-SHOT-Fi Loss Function:

The proposed SU-SHOT-Fi objective can then be given as:

»CSU—SHOT—Fi = )\CISLPL + )\ent'CIM + )\rotﬁrot + /\cpC£CPCa (324)

where Lpy, is the pseudo-labeling loss, Ly is standard information maximization,
and Acs, Aepe are the corresponding loss weights. Training follows the same two-
stage procedure: SSL pre-training of rotation classifier and CPC model on unlabeled
target data, followed by joint adaptation combining SHOT-IM with CSI-specific self-
supervised losses. Algorithm 2 summarizes the complete procedure, and Fig. 3.2

illustrates the architecture.

3.4 Experimental Set-Up, Baselines, and Evaluation Metrics

3.4.1 Considered Datasets

We validate MU-SHOT-Fi on two datasets: WiMANS [51] for multi-user activity
recognition under environmental and hardware variations, and Widar 3.0 [65] for

single-user gesture recognition under environmental and positional shifts.

3.4.1.1 WiMANS |[51]

is a comprehensive multi-user dataset captured in classroom and meeting room envi-
ronments at both 2.4 GHz and 5 GHz frequencies using a 3x3 MIMO configuration.
The dataset contains samples with 0 to 5 simultaneous users performing 9 distinct

activities: nothing, walk, rotation, jump, wave, lie down, pick up, sit down, and stand

71



Algorithm 2: SU-SHOT-Fi: Single-User Adaptation
Require: Pre-trained source model fy, = Cy, o By, o I}, , unlabeled target data D,
number of activity classes K
Ensure: Adapted model fy,
1: Stage 1: SSL Pre-training on Target Domain

2: Pre-train rotation classifier R, with frozen F,_ , By, (Eq. 3.17)

3: Pre-train CPC model (g, hy, {Wyi}) on D, (Eq. 3.23)

4: Stage 2: Joint Adaptation with Pseudo-Labeling

5: Initialize: Fy, <= F,, By, < By,, Cy, < Cy,; Freeze Cy,

6: for each epoch do

7. // Generate Pseudo-Labels via K-Nearest Centroids

8:  Extract z; = By, (F,(x})), p; = 0(Cy,(z;)) for all j € {1,...,n}

9:  Normalize: z; = [z;;1]/||[z;; 1]||2

10:  Initialize centroids: ¢; = Z;‘ltzl[pj]kij/ > Pk, ke{l,... K}

11:  Assign pseudo-labels: y; = arg miny deosine(Z;, Cx); refine centroids once
12:  for each batch {x}} do

13: Compute Lpr, (Eq. 3.22), Liv (Eq. 3.7), Lyt (Eq. 3.17), Lepe (Eq. 3.23)
14: ESU-SHOT-Fi = )\CISEPL + )\ent‘CIM + )\rot‘crot + )\cpcﬁ(}PC

15: Update {n, ¥y, v,&,w, {Wy}} via gradient descent

16:  end for
17: end for
18: return Adapted model fp,

up. Each CSI measurement is collected at 1000 Hz sampling rate across 30 subcar-
riers over a 3-second window, yielding complex-valued tensors X, € C3000x30x3x3
representing temporal samples, subcarriers, transmit antennas, and receive antennas,
respectively. Following standard pre-processing [51], we extract amplitude and re-
shape to x € R3%00x270 where the spatial dimensions are flattened (30 subcarriers
x 3 transmit x 3 receive = 270 features). To test MU-SHOT-Fi, we take M = 6 and
K + 1 =10 classes (9 activities plus "no person”).

The source domain consists of classroom samples at 2.4 GHz. We evaluate three

domain shift scenarios:

(1) Cross-Room (classroom to meeting room at 2.4 GHz) evaluates performance
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under environmental changes, such as room geometry and furniture layout changes;
(2) Cross-Frequency (classroom at 2.4 GHz to 5 GHz) evaluates performance
under frequency changes.
(3) Combined Shift (classroom at 2.4 GHz to meeting room at 5 GHz) evaluates

performance under simultaneous environmental and frequency changes.

3.4.1.2 Widar 3.0 [65]

contains gesture samples across 6 classes (push and pull, sweep, clap, slide, draw-
O(H), draw-zigzag(H)) from 9 users across 5 physical locations and 5 body orienta-
tions, collected at 5.825 GHz with one transmitter and six receivers (3 antennas each).
Raw CSI has dimensions (N; x N, x Ny x T) = (1 x 18 x 30 x variable) for trans-
mit antenna, receive antennas (6 receivers x 3 antennas), subcarriers, and temporal
samples. Following standard preprocessing [52], we standardize temporal length to

1200 samples and extract CSI phase ratios. Raw CSI X, € C*18x30xT

represents
1 transmit antenna, 18 receive antennas (6 receivers x 3 antennas per receiver), 30
subcarriers, and temporal samples. For each receiver r € {1,...,6}, we compute the
CSI ratio between its first two antennas HY(k,t) = H,q(k,t)/H,2(k,t) for sub-
carrier k and time ¢, which eliminates time-varying phase offsets [52]. We extract
the phase ¢,.(k,t) = ZH™°(k, t) and stack across receivers and subcarriers, yielding
x € RIX180x1200 where 180 = 6 receivers x 30 subcarriers. We evaluate three domain
shift scenarios:

(1) Cross-Room (Room 1 to Room 2) evaluates environmental shift from room

geometry and materials;

(2) Cross-Torso (orientations 2-5 to 1) evaluates body rotation within the same
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Table 3.1: WiMANS hyperparameters for MU-SHOT-Fi

Component Parameter Value
Adaptation epochs 50
General Batch size 64
Optimizer Adam
Adaptation learning rate 1x1074
Slots (M) 6
Classes per slot 10
Multi-User Label smoothing (¢) 0.2
Backbone Entropy minimization (Aepnt) 1.0
Diversity maximization Enabled

Pseudo-labeling weight (Aqs) 0.0

Pre-training epochs 70

Rotation SSL Loss weight (Arot) 05

room;

(3) Cross-Face (locations 2-5 to 1) evaluates head orientation changes affecting
signal shadowing.

WiMANS serves as the primary benchmark for evaluating MU-SHOT-F1, as it pro-
vides multi-user CSI samples with simultaneous activity annotations across diverse
domain shift conditions (cross-room, cross-frequency, and combined). To the best of
our knowledge, it is the only open-access dataset offering this combination [40, 125],
making it the natural testbed for all multi-user claims, including occupancy-weighted
information maximization, permutation-invariant set prediction, and dominant-class
collapse prevention. Widar 3.0 complements this evaluation by validating the core
adaptation components shared between MU-SHOT-Fi and SU-SHOT-Fi, namely
rotation-based self-supervision and information maximization, in a controlled single-
user setting where confounding factors such as signal entanglement and variable oc-

cupancy are absent.
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Table 3.2: Widar 3.0 hyperparameters for SHOT-Fi

Component Parameter Value
Adaptation epochs 70
General Batch size 32
Optimizer Adam
Adaptation learning rate 1x 104
Pseudo-labeling weight (Ac1s) 0.1
SHOT-IM Backbone Entropy minimization (Aent) 1.0
Diversity maximization Enabled
. Pre-training epochs 70
Rotation S5L Loss weight (Arot) 0.3
Pre-training epochs 70
Pre-training learning rate 1x1073
Loss weight (Acpc) 0.3
Window size (w) 10 timesteps
Prediction steps (Kjp) 9
CPC Encoder embedding dim (de) 256
Context (GRU) hidden dim (d.) 512
Projection head dim (dp) 256
InfoNCE temperature (7) 0.07
Mask probability 0.5
Mask ratio (per window) 0.15

3.4.2 Evaluation Metrics

We report slot-level results after Hungarian alignment (slot-wise accuracy, Activity
Macro-F1), sample-level performance (exact match accuracy), and occupancy-level

performance (occupancy MAE, occupancy exact match).

3.4.2.1 Multi-User HAR Evaluation Metrics.

Each test sample contains M = 6 user slots with M categorical predictions and M
ground-truth slot labels, where a dedicated no-person class denotes an empty slot.
Since user ordering is arbitrary, we align predicted slots with ground-truth slots using

Hungarian matching [121] given by:
7 = arg min — logp(g)i’m = ym(m)) , (3.25)
m=1
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where Sy is the set of permutations over M slots and p(-) is the model’s softmax
probability.

Slot-wise Accuracy We then compute slot-wise accuracy as follows:

N M

1 N
SlotAcc = W Z Z H(yz,m = yiﬂr*(m)) . (326)

i=1 m=1

Activity Macro-F1 evaluates recognition quality over the K activity classes only

(excluding (). Let Z = {(i,m) : Y; x+(m) 7# 0} denotes occupied ground-truth slots:

K
.. 1 N
ActivityF1 = e g Fl({yi,m}@m)ez, {yi,w*(m)}(i,m)ez; k)
k=1

Exact Match Accuracy Exact Match counts a prediction as correct only if all

M slots match after Hungarian alignment, i.e.,

N M

1
ExactMatch = — $ 1 im = Yime(m) | - 2
xactMatc N; (L\y y7()> (3.27)

Occupancy Metrics Ground-truth and predicted occupancy for sample ¢ can
be defined as 0; = S0 T(yim # 0) and 6; = M (G # 0), respectively. The

occupancy metrics are then given as follows:
1 — 1 —
OccMAE = N Zl lo; — 0;|, OccExact = N ;]I(oi = 0;).

Remark: ExactMatch is the strictest end-to-end metric, requiring all M aligned
slots to match. ActivityF1 focuses on activity recognition over occupied slots, reduc-
ing influence of the no-person class ), while SlotAcc (computed over all matched slot

labels including () can become inflated when many slots are empty.
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Remark on metric interdependence: Activity F1 is computed exclusively over
ground-truth occupied slots and does not penalize predictions on empty slots. Conse-
quently, a model that over-predicts activities across all M slots can achieve relatively
high Activity F1 while incurring large occupancy errors, as the metric rewards any
correct activity match regardless of occupancy accuracy.

Conversely, improvements in Slot-wise Accuracy and Occupancy MAE that arise
from more precise occupancy estimation may coincide with lower Activity F1, since
fewer but more selective activity predictions reduce the chance of incidental matches
in occupied slots.

Therefore, no single metric is sufficient for evaluating multi-user performance: Ac-
tivity F1 must be interpreted jointly with occupancy metrics to distinguish genuine
activity recognition from over-prediction, and Slot-wise Accuracy should be consid-
ered alongside Activity F1 to verify that gains reflect activity discrimination rather

than empty-slot exploitation.

3.4.2.2 Single-User HAR Evaluation Metrics.

For single-user gesture recognition, the evaluation simplifies to standard multi-class
classification. Unlike multi-user scenarios where variable occupancy and class im-
balance create fundamental evaluation challenges, single-user metrics follow estab-
lished classification conventions. Each sample corresponds to exactly one gesture
from K = 6 classes, and we report: Classification Accuracy The fraction of cor-
rectly classified samples, i.e., Accuracy = Zfil I(g; = y;), where g; is the predicted

class and y; is the ground-truth class.
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Per-Class F1-Score To evaluate performance across gesture types beyond over-

all accuracy, we compute Fl-scores for each class k using standard binary classifi-

cation metrics, i.e., F1, = ZbredsiongRecall, “yyo ronort hoth per-class Fl-scores and
) ’ Precisiong+Recally,

their macro-average. Unlike accuracy, macro-F1 weights each gesture equally and
highlights gesture-specific precision/recall failures, revealing which gestures are most
affected by domain shift and whether adaptation improves performance uniformly

across classes.

3.4.3 Considered Baselines

We compare MU-SHOT-Fi and SU-SHOT-Fi against:

(1) Source-only model trained on labeled source data and tested on target data
with no adaptation, to quantify the domain-shift gap;

(2) SHOT-IM [119], a standard source-free UDA baseline based on information
maximization, with pseudo-labeling enabled only in the single-user case;

(3) SHOT++ [120], an improved SHOT-IM variant with additional SSL target-
side regularization, with pseudo-labeling enabled only in the single-user case.

We select these baselines because, to the best of our knowledge, there are no prior
SFUDA methods tailored to multi-user Wi-Fi sensing; thus, Source-only quantifies
the domain-shift gap and SHOT-IM/SHOT++ [119, 120] serves as the closest and
strongest existing SFUDA references for assessing how standard single-user adapta-
tion objectives behave when extended to permutation-invariant, variable-occupancy
outputs.

For a fair comparison in the multi-user scenario, all methods use the same set-

prediction formulation and Hungarian matching during source training to handle

78



permutation invariance. During target adaptation, pseudo-labeling is disabled for
SHOT-IM/SHOT++ in the multi-user setting since slot-level pseudo-labels are ill-
defined without correspondence and become unstable under variable occupancy and
dominant ) slots. For SHOT++ we also disable the MixMatch stage since it is a

generic semi-supervised add-on that could be applied to all methods [126].

3.4.4 Model Hyperparameter Settings
3.4.4.1 MU-SHOT-Fi.

The feature extractor consists of three 2D convolutional blocks with kernels (27,27),
(15,15), (7,7); strides (7,7), (3,3), (1,1); and channels 32, 64, 128. Each block uses
batch normalization, LeakyReLU activation, and dropout (0.2). Global average pool-
ing produces 128-dimensional features compressed through a bottleneck to 128 di-
mensions. The classifier outputs 6 x 10 logits for M = 6 slots with K + 1 = 10
classes. Source model trains for 50 epochs with Hungarian matching, label smooth-
ing (¢ = 0.2), and learning rate 1 x 1073. Adaptation runs for 50 epochs with batch
size 64, learning rate 1 x 107%, and loss weights Aent = 1.0 and Aoz = 0.5. Complete

hyperparameters are given in Table 3.1.

3.4.4.2 SU-SHOT-Fi.

We use ResNet-18 as feature extractor, modified for input shape

(B,1,180,1200). The bottleneck reduces features to dimension 512 and the classifier
outputs logits for 6 classes. Source models train for 30 epochs with label smoothing
(e = 0.1), SGD (learning rate 0.1, momentum 0.9, weight decay 5 x 10~*), and batch

size 32. CPC uses window size w = 10 (120 windows per 1200-timestep sample),
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Table 3.3: WiIMANS: SFUDA results under three domain shifts. Values are
mean+std across runs. Higher is better (1) except where noted (). Best within
each scenario is bolded and second-best is underlined.

Scenario Method Exact Match Activity F1 Slot-wise Occupancy Occupancy
(%) (%)t + Acc (%) 1 MAE | Exact
Match (%)
+
Source Only 2.1240.43 15.8940.47 55.09+2.47 1.524+0.24 20.45+£4.77
SHOT-IM 2.82+2.94 24.97+1.01  37.124£7.09 2.0740.47 17.9947.68
Cross-Room SHOT++ 7.05+2.17 16.88+1.41 55.324+1.96 1.631+0.26 23.28+4.86
MU-SHOT-Fi (Ours) 7.76+1.51 17.08+1.15 55.29+1.98 1.604+0.25 24.61+3.72
MU-SHOT-Fi + CPC  6.34+2.41 16.16+0.54 55.43+1.37 1.631+0.25 22.75+4.98
Source Only 0.0040.00 25.69+0.97 21.16+4.71 2.9240.33 7.40+1.14
SHOT-IM 0.354+0.49 26.56+2.86 32.39£2.91 2.614+0.32 9.3442.17
Cross-Frequency SHOTH++ 0.7140.25 19.61£1.59 47.08+1.57 1.89+0.16 15.16+3.52
MU-SHOT-Fi (Ours) 0.7140.25 18.8241.50 46.97+1.35 1.89+0.15 14.63+3.52
MU-SHOT-Fi + CPC  1.41+0.24 19.554+2.13 47.33+1.91 1.914+0.14 13.4042.87
Source Only 0.00+0.00 24.99+2.53 19.61£4.08 3.00£0.35 5.9944.75
SHOT-IM 0.0040.00 23.621+2.75 28.63+4.21 2.8040.38 9.174+4.11
Combined Shift SHOT-++ 0.184+0.25 19.234+1.94 41.06+2.76 2.1640.16 10.584+2.62
MU-SHOT-Fi (Ours) 0.18+0.25 18.474+2.91 41.97+2.39 2.1240.12 10.93+1.79
MU-SHOT-Fi + CPC  0.18%£0.25 18.45+2.41 41.58+2.68 2.1540.14 5.9944.75
Source Only 0.714+0.14 22.19+1.32 31.95+3.75 2.4840.31 11.2843.55
SHOT-IM 1.06+1.14 25.05+2.21 32.71+£4.74 2.4940.39 12.17+4.65
Average SHOT++ 2.6540.89 18.57+1.65 47.82+2.10 1.8940.19 16.3443.67
MU-SHOT-Fi (Ours) 2.88+0.67 18.12+1.85 48.08+1.91 1.87+0.17 16.72+3.01
MU-SHOT-Fi + CPC  2.64+0.97 18.05+1.69 48.114+1.99 1.90+0.18 14.044+4.20
Random Predictor ~0.00 ~11.11 =10.00 ~5.00 ~1.54

Note: Average row shows mean performance across the three domain shift scenarios.

predicts K = 9 future windows, with encoder dimension 256, GRU hidden dimension

512, and InfoNCE temperature 7 = 0.07. Adaptation runs for 70 epochs with Adam

optimizer, learning rate 1 x 10™*, batch size 32, and loss weights Aqs = 0.1, Aent = 1.0,

Aot = 0.3, Aepe = 0.3. Results average over 3 runs with different random seeds.

Complete hyperparameters are given in Table 3.2.
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3.4.5 Computational Overhead

Table 3.4 summarizes the parameter counts, GFLOPs, and per-batch wall-clock times
for all methods, measured on an NVIDIA H100 80 GB GPU with batch size 64 and
input shape (64 x 3000 x 270) using 10 warm-up and 50 timed iterations. Since
SFUDA assumes access only to a pretrained source model and unlabeled target data,
we report adaptation and inference costs only.

SHOT-IM relies solely on entropy minimization during adaptation, contributing
107.71 GFLOPs per batch. SHOT++ and MU-SHOT-Fi additionally perform rota-
tion SSL pre-training (215.43 GFLOPs) before the joint adaptation loop, resulting
in 323.14 GFLOPs per batch during adaptation. The SSL pre-training stage (0.009s
per batch) is run only once prior to adaptation and does not contribute to per-epoch
adaptation time. Despite this additional pre-training cost, the wall-clock time of MU-
SHOT-Fi during adaptation (0.234s per batch) remains comparable to SHOT++
(0.232s per batch), as both share an identical forward pass structure.

After deployment, all methods use only the main backbone components (F,, By,
Cy) for inference, incurring 107.71 GFLOPs per batch and a wall-clock time of 0.003 s
per batch (0.058 ms per sample). This decoupling enables a practical deployment
strategy: adaptation is performed once on a server with sufficient resources, after
which only the lightweight adapted model is deployed at the edge. The total param-
eter count of MU-SHOT-Fi is 910,976 during adaptation (886,210 for £}, 16,512 for
By, 7,740 for Cy, and 514 for the rotation head R, ), reducing to 910,462 at inference

once R, is discarded.
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Table 3.4: Computational overhead per batch (batch size = 64, input
64 x 3000 x 270) on an NVIDIA H100 80 GB GPU (10 warm-up / 50 timed

iterations). R, denotes the rotation head used only during adaptation.

Method Stage Parameters GFLOPs Time/Batch (s)
SHOT-IM Adaptation (entropy min.) 910,462 107.71 0.1035
SSL pre-training of R, (once) 903,236 215.43 0.0087
SHOT++ jint adaptation 910,976  323.14 0.2313
. SSL pre-training of R, (once) 903,236 215.43 0.0087
MU-SHOT-Fi Joint adaptation 910,976 323.14 0.2337
All methods  Inference (F,, + By + Cy) 910,462 107.71 0.0037

3.5 Numerical Results and Discussions

3.5.1 MU-SHOT-Fi Results and Analysis

Table 3.3 presents comprehensive performance metrics for MU-SHOT-Fi across three
domain shift scenarios on the WiMANS dataset. Our experimental results reveal a
consistent pattern: adaptation gains scale inversely with source-only baseline per-
formance. This relationship reflects a fundamental principle in domain adaptation:
when the initial domain gap is large (weak source-only performance), there exists
greater headroom for improvement through adaptation. Specifically, scenarios ex-
hibiting strong domain mismatch (Cross-Frequency and Combined shifts) demon-
strate near-complete source model failure (0.00% Exact Match, approximately 20%
Slot-wise Accuracy), yet achieve substantial recovery through adaptation. In contrast,
the Cross-Room scenario begins from a relatively stronger baseline (55.09% Slot-wise
Accuracy), with limited improvements due to the reduced domain mismatch.

All results are reported as mean + std across 3 independent runs with different
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random seeds. The non-overlapping standard deviation intervals between MU-SHOT-
Fi and source-only baselines confirm the reliability of the reported improvements.
For example, under Combined Shift, MU-SHOT-Fi achieves 41.97% = 2.39 Slot-wise
Accuracy compared to 19.61% = 4.08 for source-only.

We note that Exact Match is an inherently strict metric due to the combinatorial
output space: with M = 6 slots each over K + 1 = 10 classes, the joint label space
contains 10° = 1,000,000 configurations. A uniformly random predictor achieves
Exact Match of approximately (1/10)% ~ 0.0001%. In comparison, MU-SHOT-Fi
attains 2.88% average Exact Match, representing an improvement of approximately
28,800x over random chance. To the best of our knowledge, prior works on WiMANS
and related multi-user sensing benchmarks do not report Exact Match even under full
supervision [50,51,127], reflecting a broader consensus that slot-level accuracy and
occupancy estimation provide more stable measures of multi-user performance. We
include Exact Match as an additional stringent evaluation perspective and report a

random predictor baseline in Table 3.3 for reference.

3.5.1.1 Cross-Room Domain Shift.

Source-only models attain 55.09% slot-wise Accuracy but only 2.12% Exact Match,
indicating that while individual slots are often correct, full multi-user configurations
are rarely recovered. MU-SHOT-Fi increases Exact Match to 7.76% while maintaining
SlotAcc (55.29%) and achieving best occupancy performance (OccMAE 1.60 vs. 1.52

source-only; OccExact 24.61%).
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3.5.1.2 Cross-Frequency Domain Shift.

Frequency-dependent propagation effects induce severe distribution shift. Source-only
models completely fail at sample level (0.00% Exact Match, 21.16% Slot-wise Accu-
racy). Both MU-SHOT-Fi and SHOT++ recover to 0.71% Exact Match and 47%
Slot-wise Accuracy with identical OccMAE (1.89), representing a 26-percentage-point
improvement over source-only baseline. This recovery demonstrates that occupancy-
weighted information maximization combined with rotation SSL effectively realigns

features under frequency-induced domain shift.

3.5.1.3 Combined Environment and Frequency Shift.

The combined room-and-frequency shift induces the most severe domain mismatch,
yielding near-zero Exact Match for all methods and weak source-only generaliza-
tion (19.61% Slot-wise Accuracy). MU-SHOT-Fi achieves best Slot-wise Accuracy
(41.97%), lowest Occupancy MAE (2.12 vs. 3.00 source-only), and highest Occu-
pancy Exact Match (10.93%). While MU-SHOT-Fi ties SHOT++ in Exact Match
(0.18%), its consistent gains across slot correctness and occupancy metrics indicate
that occupancy-aware information maximization yields more stable adaptation under
compound domain shifts.

Notably, source-only models in cross-frequency and combined-shift settings attain
relatively high ActivityF1 (25.69%, 24.99%) despite 0% Exact Match. This discrep-
ancy arises because ActivityF1 is computed only over occupied ground-truth slots
and does not penalize errors in occupancy counting, extra predicted users, or incon-

sistent slot assignment after matching. FExact Match and SlotAcc instead reflect the
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full end-task requirement—correct counting and coherent multi-user slot configura-
tion—so improvements in occupancy consistency substantially increase these metrics

without proportional gains in ActivityF1.

3.5.2 Ablation Studies
3.5.2.1 Integrating CPC within MU-SHOT-Fi

Table IV depicts that adding CPC to MU-SHOT-Fi provides no benefit and of-
ten hurts performance. In Cross-Room, Exact Match drops from 7.76% to 6.34%.
In Combined shift, Slot-wise Acc decreases from 41.97% to 41.58%. Only Cross-
Frequency shows marginal improvement (Exact Match: 0.71% to 1.41%), but this
is offset by degradation elsewhere. The degradation of CPC in multi-user scenarios
stems from a fundamental conflict: CPC enforces sample-level temporal consistency
by predicting future windows from past context, but multi-user prediction requires
permutation-invariant slot outputs. Hungarian matching reorders slots independently
per sample, breaking the temporal coherence CPC attempts to learn. This mismatch
causes CPC’s gradients to conflict with the slot-prediction objective, degrading rather
than improving adaptation. We thus exclude CPC from MU-SHOT-Fi, using only
rotation SSL for spatial regularization combined with occupancy-weighted informa-
tion maximization. This design achieves the best average performance across metrics

(Table 3.3, bottom rows).
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Per-Class F1-Score Comparison
(Red = "No Person" class)
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Figure 3.3: Per-class Fl-scores under Cross-Frequency shift (source-only). DETR
achieves 77.1% F1 on "no person” (red) but only 14.5% average on activities,

demonstrating majority-class exploitation. Parallel heads show more balanced
performance (23.1% vs 16.3%).

3.5.2.2 Set-Prediction Head Ablation: Pooled Parallel vs. Query-Based

Decoder

In Table 3.5, we compare two architectures for multi-user slot prediction: (i) a pooled
parallel classifier that averages CNN features globally then predicts each slot inde-
pendently, and (ii) a query-based transformer decoder that preserves spatial structure
and uses attention to predict slots [62]. Both use Hungarian matching during source
training and occupancy-weighted GENT with rotation SSL during adaptation. Ta-
ble 3.5 shows the query-based decoder achieves higher source-only Slot-wise Accuracy
(56.23% vs. 31.95%), but this comes from predicting “no person” rather than learn-
ing activities. That is, ActivityF1 is only 8.51% compared to 22.19% for the pooled
classifier. Fig. 3.3 confirms this under cross-frequency: the decoder attains 77.1%

F1 on “no person” but 14.5% on activities, while the pooled classifier is balanced
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Table 3.5: WiMANS set-prediction head ablation: pooled parallel slot classifier vs.
query-based transformer decoder (DETR-style). Both variants use the same
SFUDA pipeline (Hungarian matching in source training; occupancy-weighted
GENT and rotation-based self-supervised learning during target adaptation).
Values are mean-+std across runs. Best and second-best within each scenario are
bolded and underlined, respectively.

Slot-wise Activity Exact Occ. A Slot-wise
Scenario Architecture Acc (%) t F1 (%) Match (%) + MAE | Acc (%)
Source-only (Pooled Parallel) 55.09 £ 2.47 15.89 £ 0.47 2.12 £ 0.43 1.52 +0.24 -
Cross-Room MU-SHOT-Fi (Pooled Parallel) 55.29 £+ 1.98 17.08 + 1.15 7.76 + 1.51 1.60 £ 0.25 +0.20
Source-only (Query Decoder) 58.55 + 0.25  12.45 4+ 0.50 8.64 + 1.31  1.53 + 0.07 -
MU-SHOT-Fi (Query Decoder) 58.00 £ 1.06 16.07 £ 0.36 7.59 + 0.99 1.48 + -0.55
0.15
Source-only (Pooled Parallel) 21.16 + 4.71  25.69 + 0.97  0.00 + 0.00  2.92 + 0.33 -
Cross- MU-SHOT-Fi (Pooled Parallel) 46.97 £ 1.35 18.82 £+ 1.50 0.71 £ 0.25 1.89 £ 0.15 +425.81
Frequency Source-only (Query Decoder) 55.87 + 4.26  8.34 £ 1.52 3.35 £ 2.81 1.74 £0.25 -
MU-SHOT-Fi (Query Decoder) 54.02 + 2.38 19.26 + 3.71 1.41 4+ 0.25 1.65 + -1.85
0.24
Source-only (Pooled Parallel) 19.61 +£4.08 24.99 + 2.53 0.00 £ 0.00 3.00 £ 0.35 -
Combined MU-SHOT-Fi (Pooled Parallel) 41.97 £+ 2.39 18.47 + 2.91 0.18 + 0.25 212 +0.12 422.36
Source-only (Query Decoder) 54.26 + 2.49  4.74 +£ 0.88 0.35 4+ 0.25 1.94 + 0.99 -
MU-SHOT-Fi (Query Decoder) 53.35 £ 1.75 13.48 + 2.36 1.41 + 0.25 1.66 + -0.91
0.07
Source-only (Pooled Parallel) 31.95+£3.75 22,19 £1.32 071 +£0.14 248 £0.31 -
Average MU-SHOT-Fi (Pooled Parallel) 48.08 £ 1.91 18.12 4+ 1.85 2.88 + 0.67 1.87 £ 0.17 +416.13
Source-only (Query Decoder) 56.23 + 2.33  8.51 + 0.97 4.11 £1.46 1.74 £0.44 -
MU-SHOT-Fi (Query Decoder) 55.12 + 1.73 16.27 + 2.14 3.47 £ 0.50 1.60 + -1.11
0.15

Note: A Slot-wise Acc. (%) = (Adapted) — (Source-only), computed using the mean Slot-wise
Accuracy for each scenario. Adapted variants use occupancy-weighted GENT, Hungarian
matching, and rotation-based self-supervised learning. The pooled parallel classifier uses global
average pooling followed by per-slot linear classification. The query-based decoder preserves spatial
tokens and predicts slots using a 6-layer transformer decoder with learned queries.

(23.1% vs. 16.3%). During adaptation, the pooled classifier improves Slot-wise Ac-
curacy by +16.13%, while the decoder degrades (—1.11%). This shows the decoder’s
majority-class bias harms adaptation. We adopt the pooled parallel architecture for

lower complexity and better adaptation.
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Table 3.6: Hyperparameter sensitivity under Cross-Room shift (Aep = 1.0 fixed).
Values are mean =+ std across 3 runs.

Arot Exact Match (%) T Oce. Exact Match (%) 1
0.0 (SHOT—IM) 2.82 + 2.94 17.99 £+ 7.68
0.1 741 £ 2.41 22.93 £+ 4.62
0.5 (default) 7.41 + 241 22.93 + 4.62
1.0 741 £ 2.41 22.93 + 4.62

3.5.2.3 Hyperparameter Sensitivity

We analyze the sensitivity of MU-SHOT-Fi to the self-supervised loss weight A,
under Cross-Room shift, with A, = 1.0 fixed. Table 3.6 reports Exact Match and
Occupancy Exact Match across Aot € {0.0,0.1,0.5,1.0}.

We note that performance remains stable across all nonzero configurations, with
identical Exact Match (7.41%) and Occupancy Exact Match (22.93%) for A\ €
{0.1,0.5,1.0}. This stability indicates that adaptation is primarily constrained by the
source representation quality and task difficulty, rather than the precise loss weighting
— as long as both Ly and L, contribute meaningful gradients toward the frozen
classifier hypothesis, the backbone converges to the same solution, consistent with
findings in SHOT++ [120]. In contrast, setting Aot = 0 (equivalent to SHOT-IM
without rotation SSL) causes Exact Match to drop to 2.82% and Occupancy Exact
Match to 17.99%, with substantially higher variance across runs, confirming that
rotation SSL is necessary for stable adaptation but that its precise weight does not

affect the converged solution once active.
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Table 3.7: Widar 3.0: Source-free domain adaptation results under three domain
shifts. Values are mean =+ std across runs. Higher is better (1). Best within each
scenario is bolded and second-best is underlined.

Scenario ~ Method Accuracy (%) T F1-Macro (%) T Gain (%)
Source Only 69.09 + 0.57 68.37 + 0.58 -
Cross-Room SHOT-IM 78.19 £ 1.13 77.08 £+ 0.89 +9.10
+ SSL (SHOT++) 79.16 + 1.88 77.97 £ 1.54 +10.07
+ CPC (SU-SHOT-Fi) 79.91 + 1.72 78.67 + 1.21 +10.82
Source Only 87.73 + 2.28 88.15 + 1.83 -
Cross-Torso SHOT-IM 89.07 £ 1.75 89.61 4+ 1.42 +1.34
+ SSL (SHOT++) 89.69 + 1.74 90.25 + 1.41 +1.96
+ CPC (SU-SHOT-Fi) 89.69 £+ 2.00 90.25 £+ 1.58 +1.96
Source Only 83.73 £+ 2.82 84.41 + 2.48 -
Cross-Face SHOT-IM 87.56 £+ 1.08 88.27 + 0.90 +3.83
+ SSL (SHOT++) 87.64 + 1.11 88.39 + 0.91 +3.91
+ CPC (SU-SHOT-Fi) 87.64 + 1.32 88.26 £ 1.01 +3.91
Source Only 80.18 + 1.89 80.31 + 1.63 -
Average SHOT-IM 84.94 4+ 1.32 84.99 £+ 1.07 +4.76
veras + SSL (SHOT++) 85.50 £ 1.58 85.54 =+ 1.2 +5.32
+ CPC (SU-SHOT-Fi) 85.75 + 1.68 85.73 + 1.27 +5.57

Note: Average row shows mean performance across the three domain shift scenarios. Per-class
Fl-scores are detailed in Table 3.8.

3.5.2.4 SU-SHOT-Fi Results and Analysis

Table 3.7 reports classification accuracy across three domain shift scenarios.

SU-

SHOT-Fi achieves best or tied-best performance in all settings, with gains scaling

inversely with source-only baseline strength. Source baselines reflect varying domain

shift severity: Cross-Room (69.09%), Cross-Face (83.73%), Cross-Torso (87.73%).

Adaptation gains correspondingly decrease from 410.82% (Cross-Room) to +3.91%

(Cross-Face) to +1.96% (Cross-Torso). This inverse scaling aligns with domain adap-

tation theory [128]: when source and target distributions exhibit low divergence,

source features already generalize well, constraining adaptation headroom.

89



SU-SHOT-Fi’s advantage over SHOT++ is largest in Cross-Room (40.75%),
where CPC-based temporal modeling exploits domain-invariant periodic patterns
(e.g., stride rhythms) that remain stable despite environmental layout changes. In
Cross-Torso and Cross-Face, where source baselines exceed 83%, all adaptation meth-
ods (SHOT, SHOT++, SU-SHOT-Fi) converge to similar performance as the adap-
tation ceiling is approached. Averaged across scenarios, SU-SHOT-Fi improves over
SHOT-IM by 0.81% and over source-only by 5.57%.

Table 3.8 reports per-class Fl-scores. SU-SHOT-Fi achieves best average perfor-
mance on 5 of 6 gestures. Performance heterogeneity reveals underlying CSI signa-
ture characteristics: Slide (74.11% F1) produces low Doppler content and gradual
amplitude variations that blend with background noise under domain shift, while
Draw-Zigzag(H) (92.11% F1) generates pronounced multipath variations from rapid
directional reversals, creating robust discriminative signatures.

SU-SHOT-Fi yields largest gains on temporal-rich gestures: Clap improves by
7.78% (81.00% — 88.78%) and Sweep by 4.78%. This pattern validates CPC’s tempo-
ral modeling: clapping produces periodic amplitude bursts with consistent inter-burst
intervals that CPC captures through window-level prediction, while sweeping creates
continuous Doppler shifts spanning multiple temporal windows. In contrast, gestures
with static phases interspersed with motion—Pushé&Pull (+2.66%) and Draw-O(H)
(4+5.34%)—benefit less from CPC, as temporal coherence is disrupted by motion-

pause transitions where rotation SSL’s spatial regularization dominates.
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Table 3.8: Widar 3.0: Per-class Fl-scores (%) across three domain shifts. Results
show average performance over 3 runs. Best within each scenario is bolded and
second-best is underlined.

Gesture Method Cross-Room Cross-Torso Cross-Face Average
Source Only 72.67 83.00 87.33 81.00
Cla SHOT-IM 84.00 86.67 91.00 87.22
P + SSL (SHOT++) 86.33 87.33 90.00 87.89
+ CPC (SU-SHOT-Fi) 87.67 87.67 91.00 88.78
Source Only 55.67 88.00 91.33 78.33
Draw-O(H) SHOT-IM 67.67 88.67 92.33 82.89
+ SSL (SHOT++) 68.67 89.67 91.67 83.34
+ CPC (SU-SHOT-F1i) 69.67 90.33 91.00 83.67
Source Only 71.67 97.33 93.00 87.33
Draw- SHOT-IM 82.33 98.33 95.00 91.89
Zigzag(H) + SSL (SHOT++) 82.00 98.33 95.00 91.78
+ CPC (SU-SHOT-Fi) 83.67 98.33 94.33 92.11
Source Only 88.67 90.67 89.33 89.56
Push&Pull SHOT-IM 90.33 91.67 93.00 91.67
ushet + SSL (SHOT++) 91.33 92.67 94.00 92.67
+ CPC (SU-SHOT-Fi) 91.33 92.00 93.33 92.22
Source Only 40.67 83.33 74.00 66.00
Slide SHOT-IM 57.33 82.67 79.67 73.22
+ SSL (SHOT++) 58.00 83.67 80.00 73.89
+ CPC (SU-SHOT-F1i) 58.33 83.33 80.67 74.11
Source Only 77.33 86.00 71.67 78.33
Swee SHOT-IM 76.00 89.00 79.33 81.44
P + SSL (SHOT++) 80.67 90.00 79.67 83.44
+ CPC (SU-SHOT-Fi) 81.00 89.67 78.67 83.11
Source Only 67.78 88.06 84.44 80.09
Macro Av SHOT-IM 76.28 89.50 88.39 84.72
& + SSL (SHOT++) 77.83 90.28 88.39 85.50
+ CPC (SU-SHOT-Fi) 78.61 90.22 88.17 85.67

Note: Macro Avg computed across the six gesture classes. Average column shows mean F1-scores
across the three domain shift scenarios.

3.6 Conclusion

This thesis proposed M U-SHOT-Fi, the first Source-Free Unsupervised Domain Adap-
tation (SFUDA) framework tailored for multi-user Wi-Fi sensing. Multi-user sce-
narios introduce fundamental computational bottlenecks, including variable occu-
pancy, signal entanglement from concurrent activities, and severe class imbalance.

We demonstrated that standard adaptation mechanisms, such as pseudo-labeling,
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fail in these settings by converging toward the dominant “no person” class, thereby
ignoring actual activities. To circumvent this collapse, we introduced an occupancy-
weighted information maximization objective that dynamically down-weights empty
slots during diversity regularization, enabling robust adaptation across variable user
counts without requiring explicit occupancy estimation. Furthermore, we integrated
binary rotation SSL to provide essential spatial regularization on the frequency-time
structure of CSI. Extensive evaluation on the WiMANS dataset confirms that the
proposed framework delivers consistent performance gains that scale inversely with
domain shift severity, establishing a principled methodology for privacy-preserving,

multi-user wireless sensing in dynamic environments.
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Chapter 4

Contrastive Predictive Coding with Compression
for Enhanced Channel State Feedback in Wireless

Networks

4.1 Al-Driven CSI Feedback: A Review

This section reviews existing Al-driven CSI feedback methods that support 3GPP
objectives. 3GPP categorizes Al-driven CSI compression and reconstruction into
three distinct types [129], as summarized in Table-4.1.

e Type-1 involves joint training of the full model at a single side, either the BS
or UE, followed with a split deployment at UE and BS. This approach is simple and
resource-efficient, but lacks post-deployment adaptability, making it less effective in
dynamic environments.

e Type-2 enables collaborative training between the BS and UE where the same
model instance is split between UE and BS. This method enables end-to-end optimiza-
tion through the exchange of intermediate features, gradients, or activations. While

this improves adaptability to real-time channel variations, it introduces significant
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communication overhead, latency, and system complexity.

e Type-3 refers to separate training of different models at each side. This setup,
which may also include federated or distributed learning, offers modularity and im-
proved generalization, but poses challenges in synchronization, cross-device compati-
bility, and computational efficiency at the UE.

A graphical illustration of the model training types studied in 3GPP Rel-18 is
given in Fig. 4.1.

Current research works are predominantly based on Type-1 training due to its
implementation simplicity and deployment practicality. However, a growing number
of studies have begun exploring Type-3 training recently, motivated by its potential
for improved generalization in heterogeneous wireless environments. Notable works
leveraging Type-1 training include [56-58,130-132], while emerging studies investigat-
ing Type-3 include [133-135]. The following subsections review representative works

in both categories.

4.1.1 Type-1: Joint Training at One Side

Early CSI compression efforts, such as [130], demonstrated that an autoencoder
trained on uplink CSI at the BS could generalize across frequencies. The encoder
can then be offloaded to the UE for CSI feedback, while the decoder remains at the
BS. Building on those principles, [131] introduced a two-part training objective to
improve reconstruction without requiring access to clean training data. The first
leverages Stein’s Unbiased Risk Estimator (SURE) to optimize reconstruction from

noisy CSI, while the second adds a compression regularization term (derived via a
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Table 4.1: Summary of Related Works on CSI Feedback Using AI/ML Techniques.

Paper Type Train. Architecture Pred Gener Datasets Eval. Met- Loss
Mode ic- al- rics Function
tion iza-
tion
[63]  Type-1 Offline Conv Au- X X Simulated using COST NMSE MSE +
(BS) toencoder + 2100 model in indoor Quan-
Quantizer and outdoor scenarios tization
regularizer
[54]  Type-1 Offline Full-Conv Au- X X Simulated using COST NMSE, Co- MSE
(BS) toencoder 2100 model in indoor sine Correla-
and outdoor scenarios tion
Type-1 Offline Conv Autoen- X v Simulated using MAT- NMSE, Co- MSE
[130] (BS) coder LAB in an urban mi- sine Similar-
crocell scenario ity, Per-User
Rate
Type-1 Offline Conv Vari- X X CSiNet Indoor Dataset ~NMSE (MSE  or
[131] (BS) ational  Au- SURE) +
toencoder MI upper-
bound
regularizer
Type-1 Offline Conv Autoen- X X Simulated using COST NMSE MSE
[132] (BS) coder 2100 model in indoor
and outdoor scenarios
[56]  Type-1 Offline Conv En- X X Simulated using NMSE MSE  +
(BS) coder + Quadriga v2.8.1 in Quantiza-
Transformer 3GPP-38.901 UMi and tion Loss
Decoder UMa (codebook
+ encoder
terms)
[67]  Type-1 Offline X X Simulated using COST NMSE
(BS) 2100 model in indoor
and outdoor scenarios
[58]  Type-1 Online Conv Autoen- X X Simulated using CDL  NMSE MSE +
(UE) coder model in 3GPP TR Regular-
38.901 izer
Type-3 Offline Conv Autoen- X X Simulated using 3GPP  NMSE, SGCS +
[135] coder TR 38.901 UMa sce- SGCS, SE, NMSE
nario Overhead
Type-3 Online Conv Autoen- X v Simulated using COST NMSE, Over- MSE +
[134] coder 2100 and CDL from head Regular-
3GPP TR 38.901 R15 izer
Ours Type-1 Offline Conv Au- v 3GPP-compliant SGCS, InfoNCE
(BS) toencoder + datasets (Nokia, Complexity, -+ (1-
CPC Oppo, CATT) [136] Inference SGCS)

Time, Over-
head

NMSE: Normalized Mean Square Error, CDL: Clustered Delay Line, SGCS: Squared Generalized
Cosine Similarity, SE: Spectral Efficiency, UMi: Urban Micro, UMa: Urban Macro, FDD:

Frequency Division Duplex, MSE: Mean Square Error.
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Type 1: Joint training at a one side Type 2: Joint training at two sides Type 3: Separate training at two sides

Training at BS-Side 3. Training at BS-Side 1. Training at UE-Side

@E» -------- £ (i§’> #[] :

Forward Pass ((((( )))
Training at UE-Side B ------- » 1. Training at BS-Side 3. Training at UE-Side
% Backward Pass % %
<(((( »)) (((( ))) 2. Information
Exchange

Figure 4.1: Overview of the model training types studied in 3GPP- Release 18: (1)
Joint training of the encoder and decoder at a single side (BS or UE), (2) Joint
training across two sides with intermediate activation and gradient exchange, and
(3) Independent training at each side with shared datasets. The forward and
backward pass flow is illustrated for each configuration.

variational upper bound on mutual information) to encourage a compact latent rep-
resentation. Together, these terms balance compression efficiency and reconstruction
fidelity. The authors in [132] applied deep learning to jointly address channel esti-
mation and feedback in Frequency Division Duplex (FDD) massive MIMO systems.
Their primary model, CEFnet, consists of four main stages: CSI channel estima-
tion using pilots, a feature extraction network to process the estimated channel, an
encoder to perform dimensionality reduction, and a quantization module to enable
efficient transmission. On the BS side, an additional refinement stage is introduced to
enhance the decompressed CSI using CNN. To address the computational limitations
of the UE, the authors also proposed an alternative model, CEFnet-B, which skips
channel estimation at the UE. Instead, raw pilot signals are directly compressed and

quantized, and after decompression at the BS, CSI is estimated and subsequently
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refined. This design shifts the computational burden entirely to the BS.

Similarly, in [56], the authors considered more computations at the BS side. The
architecture employs a lightweight encoder for CSI compression followed by the quan-
tization layer at UE. In contrast, the decoder at the BS is more complex, as after
dequantization a transformer-based network equipped with multi-head attention and
positional encoding has been applied to learn interactions across distant antenna and
subcarrier elements to effectively reconstruct the CSI. End-to-end offline training was
performed at the BS, after which the encoder and quantization layers were transferred
to the UE.

[53] proposed CQNet, which inserts a learnable quantizer between encoder and
decoder to jointly optimize compression and quantization. While this work represents
an important step in learned CSI compression, it operates entirely on static CSI
snapshots and does not model temporal dependencies or mitigate channel aging [23—
25]. In [54], the authors proposed DeepCMC, a fully convolutional autoencoder with
entropy coding that approaches the rate-distortion bound for CSI feedback. Similarly,
this work focuses exclusively on compression fidelity, with no mechanism for temporal
prediction or robustness to CSI aging [23-25].

In [57], the authors proposed LWNet, which further reduced UE computational
demands by processing CSI samples in parallel using convolutional filters with dif-
ferent kernel sizes to extract features at multiple granularities before merging. An
Efficient Channel Attention (ECA) module enabled global pooling without dimen-
sionality reduction, while the decoder used Omni-Dimensional Dynamic Convolutions
(ODConv) to optimize computation. This design emphasized a lightweight UE en-

coder while offloading complexity to the BS. Lastly, [58] tackled key limitations of the
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offline training paradigm, which is predominantly used in Type-1 settings, by incorpo-
rating an online learning mechanism directly at the UE. Their approach enabled local
fine-tuning of both the encoder and decoder modules before transmitting the updated
model back to the BS. However, while using online learning improves adaptability,
deploying complex decoder architectures—such as those in [56] may not be feasible, as
it is limited by the UE’s limited computational resources. Moreover, the method did
not explicitly account for the quality of incoming data; thus fine-tuning on low-quality

or noisy CSI samples could inadvertently degrade reconstruction performance.

4.1.2 Type-3: Separate Training at Two Sides

As mentioned earlier, there are only a handful of recent research works that fall
under this category. Type-3 decouples encoder and decoder training between the
UE and BS, primarily to enhance privacy and reduce communication overhead. [135]
proposed a strategy where the UE trains the encoder offline and transmits latent
representations to the BS, and the decoder is trained separately—minimizing data
exchange and privacy risks. Another way to implement Type-3 is via Federated
Learning (FL), which enables multiple UEs to contribute to a global model deployed
on a BS by sending their local model weights or gradients. As shown in [133,134],
distributed training across UEs helps preserve privacy and reduces reliance on the
BS, as it aggregates local updates rather than performing centralized training. These
approaches also incorporate compressed sensing, knowledge distillation, and local

fine-tuning to personalize models with minimal overhead.
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Figure 4.2: The CPC-after-Compression model (below) builds on the 3GPP
standard backbone by adding CPC to compressed representations, while
CPC-before-Compression (top) applies CPC directly on raw CSI features.

4.1.3 Key Takeaways and Summary

Despite recent advances in Al-driven CSI feedback methods, existing CSI compression
studies [56-58,130-135] do not address the problem of CSI prediction jointly. More-
over, the existing CSI prediction works have neither investigated the benefits of repre-
sentation learning, nor explored the use of open-access 3GPP-compliant datasets for
validation. However, a recent study in [66] considered prediction directly on raw CSI
vectors using a Bi-LSTM, either at the UE before compression or at the BS after de-
compression, with quantization applied only on the latent space. While jointly trains
compression and prediction using only cosine similarity, our CPC-before-Compression

uses a combined 1-SGCS and InfoNCE loss to explicitly encourage temporal predictive
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structure in the latent space.

4.2 Proposed Age-Aware CPC-based CSI Feedback

In this section, we propose a 3GPP-compliant Al solution that explicitly targets
channel aging [23-25] and supports robust generalization across deployment scenar-
ios. Specifically, we incorporate CSI prediction through CPC [124] into the 3GPP
standard compression model. This integrated framework, referred to as CPC with
Compression, leverages temporal dependencies in the CSI sequence to improve both
prediction robustness and compression effectiveness. By forecasting future CSI rep-
resentations, the model compensates for delays between CSI acquisition and usage,
which is critical in highly dynamic environments. On the other hand, generaliza-
tion is achieved through a comprehensive evaluation across diverse 3GPP-compliant
datasets, highlighting the model’s adaptability beyond the training environment. Fur-
thermore, we incorporate structured pruning and aggressive quantization to reduce
model size, enabling efficient deployment on resource-constrained UEs without com-
promising performance. For our training paradigm, we build upon 3GPP Type-1
training framework due to its simplicity, low deployment complexity, and compatibil-

ity with telecommunication systems.

4.2.1 AI/ML Models Considered in 3GPP

The compression model considered in 3GPP from [137] employs a ResNet-based archi-
tecture for end-to-end training of both encoder and decoder components. The encoder
begins with a convolutional layer that maps input CSI H, to 64 feature maps, fol-

lowed by six ResNet blocks—each consisting of two convolutional layers with skip
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connections. By concatenating the input with the block output, the architecture en-
hances gradient flow and mitigates vanishing gradient issues. The output from the
final ResNet block is projected into a 32-dimensional latent vector z; via a quan-
tized linear layer, yielding a compact yet informative representation that reduces CSI
feedback overhead. On the decoder side, z; is dequantized and progressively recon-
structed back to the original CSI H,, mirroring the encoder in structure. To quantify
reconstruction quality, we adopt the Squared Generalized Cosine Similarity (SGCS)

metric, defined as:

1< 1
SGCS = — _ (4.1)
B Sy [Hi—H,|2’
i=1 1+ S

where H; and H; denote the ground-truth and reconstructed CSI respectively, B is
the batch size, and € = 1 x 107! is added to avoid division by zero. Higher SGCS
values indicate stronger geometric alignment between the original and reconstructed

CSI. The model is then trained by minimizing:

Lsces = 1 — SGCS, (4.2)

such that minimizing Lsgcs is equivalent to maximizing the SGCS metric.

The overall design intentionally avoids complex modules such as attention mecha-
nisms or advanced preprocessing, prioritizing computational efficiency. This leads to
reduced inference latency and makes the model well-suited for deployment in resource-
constrained environments.

Leveraging on models considered in 3GPP, we develop two design variants that

address channel aging [23-25]. The variants are described in the following.
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Algorithm 3: CPC-before-Compression
Require: CSI sequence H;, 1,14 at UE
Ensure: Compressed feedback z;; reconstructed predicted representations
{Crirtizy at BS
UE Processing:
F, 1114 < Encoderg(H;_11.)
Fj.. < ReshapeToSequence(F; 1. 1.)
C; + GRU(F4ga) (temporal modeling before compression)
for k=1to T do
Ct—i—k — FCk(Ct)
end for
zi 1) < Quantize(LinearCompress(Cyyy)) (for each k=1,...,7)
Transmit {z;,x}7_, via uplink
BS Processing:
: Gy, < Dequantize(z,y) (for each k =1,...,T)
s Copp LinearExpand(Cy, ;) (for each k =1,...,T)

: Lsges + Using (4.2) ({Cert, {Crir})
: EInfoNCE < Using (43) (Ct, {Ct—l-k})

: Liotal < Using (4.5)

: return z,, {Ct%}{:l

S e Sy
L T I R S

4.2.2 CPC-before-Compression

Applying CPC before compression allows temporal features to be encoded prior to
dimensionality reduction. This design facilitates easier reconstruction (as shown in
Fig. 4.2 and Algorithm 3) because the representation is already mapped using an
autoregressive GRU-based model [138] as a predictive layer to capture temporal de-
pendencies and predict future CSI representations. The architecture comprises an
encoder, a predictive module, a compression layer, and an optional decoder since the
representation is restored from the first layer. However, since most computations
occur on the encoder side, this design requires more resources, leaving less capacity

for optimization on resource-limited UE devices.
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The encoder takes as input a sequence of L consecutive CSI matrices Hy 1.,
each mapped to 64 feature maps via an initial convolutional layer, followed by three
ResNet blocks and a final 1x1 convolution, producing the feature sequence F;_ ...
The features are then reshaped into a temporal sequence Fg,; and passed to a GRU
module, which summarizes the temporal context into a 128-dimensional context vec-
tor C;. A set of T dedicated fully-connected layers then projects C; into future
predicted representations {Cy 1 }7_,, each of 128 dimensions. The predicted repre-
sentations are subsequently compressed into a 32-dimensional latent vector z; via a
quantized linear layer and transmitted to the BS. At the BS, z; is dequantized and
expanded back to 128 dimensions via a linear layer, followed by two residual blocks,
yielding the reconstructed predicted representations {Ct%}fﬂ.

To train the model, we introduce the InfoNCE loss as given below [124]. InfoNCE

loss encourages C; to be predictive of future representations in the latent space:

T
1
LInfoNCE - ? ; éku (43)

b, = -5 Zlog . 0 N (4.4)
=1 Z - exp (M)
Jj=1 T

where T is the number of future time steps, 7 is the temperature parameter, and
B is the batch size. The SGCS loss is computed between the original predicted
representations {Cy,} and their reconstructions {Cy ;}. The total training loss is
then given by:

Liotal = aLsces + (1 — @) LinfoncE, (4.5)
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Algorithm 4: CPC-after-Compression
Require: CSI matrix H; at UE _
Ensure: Compressed feedback z;; reconstructed CSI H; at BS; future
representations {Cyyx}7_,
UE Processing:
F; < Encodery(H;)
z; < Quantize(LinearCompress(F,))
Transmit z, via uplink
BS Processing:
F} «+ Dequantize(z,)
H, « Decoder,(FY)
ﬁﬂat +— ReshapeToSequence(ﬁt_ Lilit)
C; + GRU(ﬁﬂat) (CPC after reconstruction)
for k=1to T do
Ct+k — FCk(Ct)
: end for B
: £SGCS < USiIlg (42) (Ht, Ht)
: Lingonce < Using (4.3) (Cy, {Ciyr})
i Liotal < Using (4.5)
. return z,, H,, {Cir}i_,

G S et
D TR W = O

where o € [0,1] controls the trade-off between reconstruction quality and tempo-
ral prediction accuracy. In our experiments, o = 0.5 was selected empirically, as
equal weighting was found to balance reconstruction fidelity and contrastive learning

stability across all datasets.

4.2.3 CPC-after-Compression

Applying CPC after compression, as shown in Fig. 4.2 and Algorithm 4, is more
suitable for resource-limited UE devices. Since the predictive layer contributes most
to the model’s complexity, performing compression first reduces the computational
burden on the UE side. In this method, CPC is integrated entirely into the decoder

at the BS, after the final convolutional layer responsible for reconstruction. The
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encoder is identical to the 3GPP baseline, mapping each input CSI matrix H; to a
32-dimensional latent vector z; via a convolutional feature extractor followed by six
ResNet blocks and a quantized linear layer. At the BS, z; is dequantized and decoded
through six ResNet blocks back to the reconstructed CSI H,. The reconstructed
frames I:It_ r+1: are then reshaped into a temporal sequence and passed to a GRU
module, which generates a 128-dimensional context vector C;. A set of T fully-
connected layers then projects C; into future predicted representations {Cy ;. }7_;.
The model is trained using Lioa from (4.5), where Lgges from (4.2) is computed

between H, and H,, and Liyones from (4.3) is computed between C; and {C; 1. }1_;.

4.2.4 Discussions and Insights

By shifting the computational load to the BS, CPC-after-Compression prioritizes effi-
ciency over early feature preservation. However, this trade-off may impact prediction
accuracy compared to the CPC-before-Compression method, as some information is
lost before temporal dependencies are fully captured. Additionally, applying CPC-
after-Compression aligns better with split learning (SL) frameworks. Both CPC-
before and CPC-after-Compression help reduce computational overhead on the UE
by offloading more processing tasks to the BS. However, CPC-after-Compression be-

comes more viable when the UE has strict resource constraints.

4.3 Experimental Setup & Results

This section discusses the experimental set-up, datasets, and validates the perfor-
mance of the proposed model over a variety of datasets. We follow the agreed-upon

model hyperparameters from 3GPP drafts, summarized in Table 4.3.
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Table 4.2: Model parameters, storage, inference time, and computational cost
(batch size = 256, 2-bit quantization).

Metric 3GPP CPC-before CPC-after
Encoder Params 872,448 10,587,168 872,448
(213.00 KB) (2,574.13 KB) (213.00 KB)
Decoder Params 1,358,786 103,296 1,810,754
(33174 KB)  (25.22 KB)  (430.00 KB)
Encoder Time (ms) 2.4533 2.0984 2.4457
Decoder Time (ms) 2.5065 0.6799 2.9415
Encoder GFLOPs 0.59 10.47 0.59
Decoder GFLOPs 0.84 0.026 1.21

The evaluation is performed on proprietary datasets provided by Nokia, Oppo,
and CATT), specifically NOKIR4_113dsei.npy, OPPOR4_113dsei00.npy,
and CATOR4_113dseiOl1.npy [136]. To ensure a broader evaluation, we construct a
mixed dataset by combining 100k samples from each of these datasets. The datasets
follow a four-dimensional structure spanning samples, real/imaginary components,
sub-bands (13), and antenna ports (32), and vary in the number of samples con-
tributed by different companies.

Table 4.2 summarizes the complexity of each model variant.

e The 3GPP baseline maintains a compact encoder (872K parameters, 2.45 ms
per batch) with moderate decoder cost.

e CPC-before-Compression incurs a significantly larger encoder footprint (10.6M
parameters, ~17.8x more GFLOPs per batch: 10.47 vs. 0.59 GFLOPs) due to the
GRU operating on intermediate feature maps of dimension 64 x 13 x 32 = 26,624.
Despite this, encoder inference remains comparable (2.10 ms per batch) as both mod-
els fall into a memory-bandwidth-bound regime where wall-clock time is insensitive

to arithmetic complexity [139]. Its decoder is substantially lighter (103K parameters,
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0.026 GFLOPs per batch) as temporal modeling is offloaded to the encoder side.

e CPC-after-Compression preserves the same encoder as the baseline (0.59 GFLOPs
per batch, 2.45 ms per batch) while adding moderate decoder overhead (1.81M pa-
rameters, 1.21 GFLOPs per batch) to accommodate the BS-side GRU.

All methods maintain a 64-bit communication overhead per timestep, as the quan-
tized linear layer outputs 32 latent dimensions with 2-bit quantization.

In our setup, we follow the Type-1 joint training scheme described in [140]. For
evaluation, we use the SGCS metric instead of the commonly used NMSE, as SGCS
offers a more robust measure of subspace preservation and geometric alignment. Ta-

ble 4.4 presents the SGCS and InfoNCE loss values for each variant.

Table 4.3: Hyperparameters and Their Values

Hyperparameter Value ‘ Hyperparameter Value
Optimizer Adam | Learning Rate 10~
Number of Epochs 150 Batch Size 256
Validation Patience 25 Data Split 80:10:10
Number of Seeds 5 Time Window (L) 10
Hidden Size 128 Future Time Steps (7') 5
Temperature (7) 0.1 Contribution parameter (o) 0.5
Uniform Quantization 2 bits

4.3.1 Overall Performance Evaluation Results
4.3.1.1 Performance From Considered Models in 3GPP

We begin with the models considered in 3GPP, which serves as a baseline using
SGCS only. The Nokia-trained model achieves an SGCS of 0.729 on its own test
set and 0.735 on Oppo, while the Oppo-trained model attains 0.733 on its own data

and 0.726 on Nokia. These results suggest that Nokia’s and Oppo’s models share
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Table 4.4: SGCS (1) and InfoNCE (|) across datasets.

Training Nokia Oppo CATT Mixed

3GPP Standard (no-CPC) (SGCS only)

NOKIA 0.729 0.735 0.563 0.676
OPPO 0.726 0.733 0.560 0.673
CATT 0.637 0.644 0.674 0.656
Mixed 0.725 0.732 0.614 0.691

CPC-before-Compression

NOKIA  0.726 (0.646) 0.725 (0.639) 0.738 (0.668) 0.720 (0.664)
OPPO  0.869 (0.150) 0.869 (0.147) 0.866 (0.338) 0.867 (0.158)
CATT  0.912 (0.666) 0.912 (0.651) 0.925 (0.279) 0.917 (0.313)
Mixed  0.886 (0.186) 0.886 (0.182) 0.887 (0.260) 0.885 (0.183)
CPC-after-Compression
NOKIA  0.730 (0.008) 0.735 (0.008) 0.566 (0.074) 0.677 (0.009)
OPPO  0.733 (0.008) 0.739 (0.008) 0.568 (0.068) 0.680 (0.009)
CATT  0.648 (0.014) 0.656 (0.014) 0.674 (0.035) 0.664 (0.010)
Mixed  0.720 (0.005) 0.728 (0.005) 0.627 (0.037) 0.692 (0.005)

consistent characteristics. On the other hand, the CATT-trained model, despite
achieving 0.674 on its own test set, shows noticeably lower generalization to other
datasets (SGCS between 0.637 and 0.644), likely due to both its smaller size (100k
samples) and possible domain-specific variability. We note that training on a mixed
dataset improved performance across the board, particularly for Nokia ( 0.725), Oppo
( 0.732), and Mixed ( 0.691) test sets, although generalization to CATT remained
limited ( 0.614).

4.3.1.2 CPC-before-Compression Performance

Table 4.4 shows that CPC-before-Compression consistently outperforms the 3GPP

baseline across all training and test configurations. SGCS scores range from 0.720 to
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Figure 4.3: Impact of structured pruning on CPC-before-Compression (GRU,
Hidden=128). The left panel reports SGCS (1) and the right panel reports InfoNCE
loss (1) as a function of pruning ratio, across all four training datasets. Results are

averaged over 5 runs.
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Figure 4.4: Ablation studies measuring SGCS averaged over all test datasets. Solid
and dashed lines denote CPC-before-Compression and CPC-after-Compression,
respectively. Shaded bands indicate standard deviation over 5 runs.

0.925, with CATT and OPPO-trained models achieving the strongest reconstruction
fidelity. The NOKIA-trained model exhibits lower SGCS and higher InfoNCE loss
(e.g., 0.726 / 0.646 on Nokia test), consistent with the training instability discussed

in the ablation studies. Training on the mixed dataset yields balanced generalization
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across all test domains (0.885-0.887), confirming robustness to domain shift. InfoNCE
loss varies widely across dataset pairs (0.150-0.666), reflecting differences in temporal
predictability across channel environments. To reduce model complexity, we apply
post-training structured pruning to the GRU layer in CPC-before-Compression. As
shown in Fig. 4.3, increasing the pruning ratio leads to a steady decline in SGCS and
a sharp rise in InfoNCE loss, with performance remaining acceptable up to moderate

pruning ratios before degrading significantly at higher sparsity levels.

4.3.1.3 CPC-after-Compression

achieves SGCS scores comparable to the 3GPP baseline while providing future CSI
representations at the BS. Scores range from 0.566 to 0.739, with CATT test perfor-
mance remaining the weakest across all training datasets, consistent with its domain-
specific characteristics noted earlier. Notably, InfoNCE loss remains near zero across
all configurations (0.005-0.074), suggesting that performing temporal modeling on
reconstructed CSI reduces the diversity of latent representations as the information
loss happens during compression and decompression. Thus, the contrastive learning
loses its effectiveness. As a result, compression bottleneck is the dominant constraint

in this variant.

4.3.2 Ablation Studies
4.3.2.1 Effect of Temporal Backbone Architecture

Fig. 4.4a compares GRU, LSTM, and Transformer backbones across both model vari-

ants. For CPC-after-Compression, all three backbones converge to nearly identical
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Table 4.5: Effect of prediction horizon 7" on SGCS (1) and InfoNCE loss ({)
averaged over all test datasets and 5 runs.

SGCS (1) InfoNCE Loss ({)

Variant Train T=2 T=5 T=10 T=20 T=2 T=5 T=10 T=20

NOKIA 0.704 0.727 0.743 0.778 0.566 0.654  0.938 1.631
CPC-before  OPPO 0.834 0.868 0.801 0.891 0.293 0.198 0.421 0.839
-Comp CATT 0.915 0916 0943 0.839 0.514 0477 0.662 1.568
Mixed 0.873 0.88 0.817 0.842 0.182 0.203 0.975 1.959

NOKIA 0.677 0.677 0.676 0.675 0.023 0.025 0.019 0.017
CPC-after OPPO 0.680 0.680 0.679 0.675 0.028 0.024 0.022 0.021
-Comp CATT 0.660 0.661 0.664 0.655 0.017 0.018 0.018 0.018
Mixed 0.694 0.692 0.698 0.693 0.015 0.013 0.016 0.015

performance, confirming that the compression bottleneck is the dominant limiting fac-
tor rather than the temporal architecture. For CPC-before-Compression, the Trans-
former achieves marginally higher SGCS, though the gain over GRU and LSTM is
negligible for most training datasets. The exception is the NOKIA training dataset,
where GRU exhibits higher variance and lower mean SGCS compared to LSTM and
Transformer, indicating sensitivity to backbone choice under domain-specific data
characteristics. Overall, GRU provides a favorable trade-off between complexity and

performance.

4.3.2.2 Effect of Prediction Horizon

Table 4.5 evaluates the effect of prediction horizon 7" on SGCS and InfoNCE loss.
For CPC-after-Compression, SGCS remains nearly constant across all horizons (e.g.,
NOKIA: 0.677, 0.677, 0.676, 0.675), demonstrating that the model sustains recon-
struction quality regardless of how far ahead it predicts. For CPC-before-Compression,
most training datasets exhibit stable or slightly varying SGCS, with the exception
of NOKIA, which improves with longer horizons. This is attributed to NOKIA’s
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Table 4.6: Effect of compressed representation size on SGCS (1) / InfoNCE (] )
averaged over all test datasets and 5 runs. Bold denotes the best SGCS and best
InfoNCE among all models for each compression size and training dataset.

Model Train Size=32 Size=64 Size=128
NOKIA 0.676 0.704 0.725
. OPPO 0.673 0.701 0.730
3GPP Baseline CATT 0.653 0.712 0.758
Mixed 0.691 0.720 0.779
NOKIA 0.727 / 0.654 0.734 / 0.756 0.749 / 0.617
OPPO  0.868 /0.198 0.833 /0.319 0.794 / 0.355
CPC-before-Comp  cyrp 0916 /0477  0.937 / 0.620  0.945 / 0.622
Mixed  0.886 /0.203 0.860 /0.422 0.770 / 0.154
NOKIA  0.677 / 0.009  0.702 / 0.017  0.743 / 0.021
OPPO  0.680 / 0.008  0.708 / 0.020  0.736 / 0.021
CPC-after-Comp  capr (661 /0.014  0.724 /0.021  0.771 / 0.021
Mixed  0.692 / 0.005  0.740 / 0.015  0.779 / 0.017

stronger temporal autocorrelation structure, where additional prediction steps pro-
vide a richer contrastive training signal, enabling the GRU to learn more robust
temporal representations. Notably, InfoNCE loss increases with T for CPC-before-
Compression (e.g., NOKIA: 0.566 at 7' = 2 to 1.631 at 7" = 20), reflecting a more
challenging contrastive objective as the prediction horizon extends, while remaining

near-zero for CPC-after-Compression across all horizons.

4.3.2.3 Effect of Reconstruction loss

Fig. 4.4b compares the 1-SGCS and MSE reconstruction losses across both model
variants. The 1-SGCS loss consistently outperforms MSE, as it directly optimizes
the evaluation metric. The performance gap is particularly pronounced in CPC-
before-Compression, where MSE training leads to significant degradation for Mixed,

NOKIA, and OPPO training datasets. These results confirm that aligning the train-

ing objective with the evaluation metric is critical for effective CSI compression.
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Table 4.7: Effect of GRU hidden dimension on model complexity and
SGCS/InfoNCE performance for CPC-before-Compression. Results averaged over
all test datasets and 5 runs. Bold denotes the best SGCS (1) and best InfoNCE (/)

per training dataset.

Hidden=32 Hidden=64 Hidden=128
Encoder Params 663,072 2,648,608 10,587,168
Encoder GFLOPs (per batch) 0.65 2.62 10.47
Enc. Time (ms/batch) 1.978 2.0337 2.0984
Dec. Time (ms/batch) 0.669 0.6801 0.6799
SGCS 1 / InfoNCE |,
NOKIA 0.809 / 0.818 0.823 / 1.423 0.727 / 0.654
OPPO 0.826 / 0.893 0.799 / 1.009 0.868 / 0.198
CATT 0.783 / 2.240 0.903 / 0.764 0.916 / 0.477
Mixed 0.785 / 1.251 0.876 / 0.327 0.886 / 0.203

4.3.2.4 Effect of Bottleneck Size

Table 4.6 reports SGCS and InfoNCE across three compressed representation sizes.
The 3GPP baseline and CPC-after-Compression improve consistently with larger sizes
in SGCS, while their InfoNCE remains near zero across all sizes, confirming that com-
pression is the dominant bottleneck rather than the temporal objective. CPC-before-
Compression outperforms both variants at every size, though it exhibits instability
at Size=128 for certain training datasets (e.g., 0.770 for Mixed), suggesting Size=32
offers a better complexity-performance trade-off for the contrastive pre-compression

approach.

4.3.2.5 Effect of Temporal Hidden Dimension

Table 4.7 examines the effect of the GRU hidden dimension on model complexity

and performance. Larger hidden sizes improve both SGCS and InfoNCE across most
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Table 4.8: Effect of decoder capacity on SGCS (1) / InfoNCE () for
CPC-after-Compression variants. Results averaged over 5 runs.

Model Train

Nokia

Oppo

CATT

Mixed

Decoder: 1,810,754 params

Enc. 2.4457 ms / Dec. 2.9415 ms per batch Dec. GFLOPs: 1.21

NOKIA 0.730 / 0.008 0.735 / 0.008 0.566 / 0.074  0.677 / 0.009
OPPO  0.733 / 0.008 0.739 / 0.008 0.568 / 0.068  0.680 / 0.009
CPC-after-Comp / / / /
CATT  0.648 / 0.014 0.656 / 0.014 0.674 / 0.035 0.664 / 0.010
Mixed  0.720 / 0.005 0.728 / 0.005 0.627 / 0.037  0.692 / 0.005
Decoder: 4,057,026 params Enc. 2.4648 ms / Dec. 3.6716 ms per batch Dec. GFLOPs: 3.45
NOKIA 0.734 / 0.036 0.739 / 0.036 0.568 / 0.056  0.680 / 0.034
OPPO  0.734 / 0.024 0.739 / 0.024 0.569 / 0.059  0.680 / 0.024
CPC-after-Comp-Ver2 / / / /
CATT 0.629 / 0.012 0.635 / 0.013 0.670 / 0.018  0.648 / 0.010
Mixed  0.729 / 0.015 0.737 / 0.014 0.622 / 0.044  0.696 / 0.013

datasets, as wider representations enable richer temporal context modeling. Notably,
Hidden=128 achieves the best SGCS for OPPO, CATT, and Mixed, while Hidden=64
provides competitive results at a significantly reduced encoder footprint (2,649M vs.
10,587M parameters). Despite the substantial increase in encoder GFLOPs (0.65,
2.62, and 10.47 GFLOPs per batch for Hidden=32, 64, and 128 respectively), per-
batch inference latency remains nearly constant (1.978-2.098 ms), as fixed GPU kernel
launch overhead dominates short-running kernels [139], further compounded by on-
the-fly GRU weight quantization during each forward pass. Overall, Hidden=64 offers
a favorable trade-off, achieving over 75% parameter reduction relative to Hidden=128

with only marginal SGCS degradation.

4.3.2.6 Effect of Decoder Capacity

Table 4.8 compares CPC-after-Compression with an enhanced variant (Ver2) that

introduces additional feature extraction layers before the CPC module at the BS.
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Since the BS has no strict resource constraints, a larger decoder is practically feasible.
Ver2 increases decoder parameters from 1.81M to 4.06M and Dec. GFLOPs from 1.21
to 3.45 GFLOPs per batch, while decoder inference time increases marginally from
2.94 to 3.67 ms per batch. Despite this additional capacity, SGCS improvements
are marginal (e.g., NOKIA-trained: 0.730 to 0.734 on Nokia test), and InfoNCE loss
increases slightly across most configurations. This suggests that the performance
ceiling of CPC-after-Compression is not limited by decoder capacity, but rather by
the information loss introduced during the compression-decompression cycle prior to

temporal modeling.

4.4 Conclusion

This work builds upon the CSI compression model considered in 3GPP and develops
two Al-enhanced architectures that integrate contrastive predictive coding to address
the problem of channel aging [23-25] in 3GPP-compliant systems. Through evalu-
ations on 3GPP-compliant datasets from Nokia, Oppo, and CATT, we showed that
applying CPC before compression leads to consistently higher SGCS scores, often
exceeding 0.90, and 32x lower decoder GFLOPs compared to the 3GPP baseline.
Ablation studies confirmed that the 1-SGCS loss, GRU backbone at hidden size
64, and compression level of 64 bits offer the best complexity-performance trade-
offs. Notably, both variants maintain stable reconstruction quality across prediction
horizons of 2 to 20 steps, enabling the BS to obtain future CSI estimates at no
additional reconstruction cost. Additionally, pruning experiments revealed a favorable
trade-off between model size and predictive performance [141]. Future directions

include exploring lightweight designs with compressed intermediate representations,
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and adaptive fine-tuning across channel variations.
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Chapter 5

Conclusions and Future Directions

5.1 Concluding Remarks

This thesis addressed two interconnected challenges in wireless sensing and communi-
cation-aware Al deployment.

First, it investigated domain adaptation for Wi-Fi sensing under both single-user
and multi-user settings. While prior work has shown promising results in controlled
single-user scenarios, practical deployment requires robustness to domain shifts and,
more importantly, the ability to handle the complexity of multi-user environments. In
this context, we introduced MU-SHOT-Fi, a framework designed for unsupervised do-
main adaptation in multi-user Wi-Fi sensing. The proposed method addressed three
core challenges that are largely absent in single-user settings: variable occupancy, se-
vere class imbalance, and signal entanglement across users. To mitigate these issues,
MU-SHOT-Fi incorporated an occupancy-weighted information maximization loss
that reduces collapse toward dominant classes by downweighting empty slots during
diversity regularization. This enables adaptation across varying user counts without

requiring explicit occupancy estimation. In parallel, we introduced SU-SHOT-Fi for
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the simpler single-user scenario, which served both as a baseline and as a comparative
setting to highlight the additional difficulties introduced by multi-user sensing. Our
results further showed that CPC is beneficial in single-user adaptation, but becomes
less effective in multi-user settings due to the conflict between sample-level temporal
consistency and permutation-invariant slot prediction.

Second, this thesis examined Al-enhanced deployment under 3GPP-inspired com-
munication constraints, with particular attention to channel aging and model parti-
tioning. Through the study of two Al-based architectures, we showed that deployment
performance is shaped not only by model accuracy, but also by how computation is
distributed between the UE and BS. The results revealed a practical trade-off be-
tween model complexity and deployment feasibility, highlighting two distinct design
choices: pushing a larger portion of computation to the UE, or retaining more of the
model at the BS depending on latency, resource, and channel constraints.

Taken together, these contributions show that robust wireless intelligence depends
not only on improving prediction accuracy in isolated settings, but also on designing
methods that remain reliable under domain shifts, multi-user interference, and realis-
tic deployment limitations. Despite these contributions, several important challenges

remain open that are listed in the following.

5.2 Limitations in Existing Datasets

A central limitation in current Wi-Fi sensing research lies in the datasets used to
develop and evaluate models. Existing CSI-based datasets for human activity recog-
nition have enabled important progress, but they remain limited in ways that directly

affect the goals of this thesis [11,51,79-81]. In particular, many datasets are collected

118



from a small number of participants in homogeneous and highly controlled environ-
ments [16,85,87,142]. As a result, they fail to capture the diversity in behavior,
body characteristics, environments, and hardware conditions needed for models to
generalize reliably across domains.

This limitation is especially critical for domain adaptation. Since Wi-Fi sensing
signals are highly sensitive to changes in environment, demographics, device place-
ment, and hardware configuration, large domain gaps can easily destabilize adapta-
tion and reduce discriminative performance. In realistic settings, models may become
overconfident, collapse toward dominant classes, or fail to separate activities under
strong distribution shifts. These issues are even more pronounced in multi-user sce-
narios, where dataset limitations are compounded by occupancy variation and signal
overlap. A further issue is that most available datasets are biased toward controlled
indoor conditions [15,84,86]. Such datasets do not adequately reflect the variability
of practical deployment environments, where noise, layout changes, and dynamic re-
flectors can substantially alter CSI measurements [89,90]. Consequently, progress in
Wi-Fi sensing is increasingly constrained not only by model design, but also by the
lack of diverse, realistic, and standardized datasets that support robust evaluation

under real-world conditions.

5.3 Open Challenges in Domain Adaptation

The results of this thesis also highlight several open challenges in domain adaptation
for Wi-Fi sensing. Although the proposed framework advances adaptation in multi-

user settings, this problem remains underexplored. Most existing domain adaptation
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methods are developed for single-user scenarios and do not directly address the struc-
tural difficulties introduced by multiple simultaneously active users.

One persistent challenge is the dependence on data preprocessing. Many prior ap-
proaches in Wi-Fi sensing rely heavily on carefully engineered preprocessing pipelines
to reduce CSI noise and stabilize the input representation [44,52,118]. While ef-
fective in controlled experiments, this dependence can create a mismatch between
training and deployment, especially when the same preprocessing assumptions can-
not be guaranteed in practice. Future adaptation methods should therefore aim to
be more resilient to raw-signal variability and less dependent on tightly controlled
preprocessing steps.

Another challenge is the unresolved tension between occupancy estimation and ac-
tivity recognition in multi-user adaptation. In supervised multi-user methods, strate-
gies such as permutation-invariant learning or query-based prediction can exploit label
information during training. In unsupervised adaptation, however, target-domain
labels are unavailable. Although MU-SHOT-Fi addresses this difficulty through
occupancy-weighted regularization and uncertainty-aware adaptation, the trade-off
remains only partially resolved. Future work should focus on learning representations
that better separate user occupancy from user activity while maintaining stability

under label-free adaptation.

5.4 Future Directions

A promising direction for future research is multi-modal learning. Combining Wi-Fi
sensing with complementary modalities can improve robustness and decision-making

by leveraging different sources of information. Prior work has shown that integrating
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Wi-Fi sensing with visual data can enhance human activity recognition [143], while
combining CSI with inertial measurements can improve robustness beyond unimodal
systems [144]. These results suggest that multi-modal fusion may help address some
of the ambiguity and instability that remain challenging in wireless sensing alone.

However, this direction must be approached carefully. Multi-modal methods of-
ten introduce heavier architectures, higher latency, and greater energy consumption,
which can conflict with the practical deployment constraints emphasized in this the-
sis [145]. In addition, many fusion methods assume synchronized modalities, balanced
sample availability, and strong information overlap, assumptions that may not hold
in real deployments.

Most importantly, certain modality choices may undermine the original motivation
for Wi-Fi sensing. For example, integrating CSI with vision can compromise privacy
and increase computational cost, weakening two of the key advantages of Wi-Fi-
based sensing [146]. For this reason, future work should prioritize privacy-preserving
and lightweight modality combinations, together with efficient fusion strategies that
remain compatible with edge and communication-constrained deployment.

Overall, this thesis demonstrated that advancing wireless intelligence requires
jointly addressing learning robustness and deployment realism. On the sensing side,
Chapter 3 showed that domain adaptation for Wi-Fi sensing becomes fundamentally
harder in multi-user settings due to variable occupancy, class imbalance, and signal
entanglement, motivating new adaptation objectives beyond those used in single-user
scenarios. On the communication side, Chapter 4 showed that channel aging can-

not be effectively addressed when CSI compression and CSI prediction are treated as
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separate problems. Instead, it demonstrated that integrating temporal representa-
tion learning within a 3GPP-compliant compression pipeline provides a unified and
age-aware CSI feedback framework, while also revealing practical trade-offs between
predictive performance, feedback overhead, and UE/BS computational complexity.
Taken together, these findings suggest that future wireless Al systems should be de-
veloped as end-to-end adaptive systems that jointly account for sensing uncertainty,

temporal variation, and deployment constraints.
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