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Abstract

Wireless communication systems inherently interact with their surrounding physi-
cal environment, causing transmitted signals to carry information beyond the data
they are intended to convey. This observation forms the basis of Integrated Sensing
and Communication (ISAC), where sensing and communication are jointly sup-
ported using the same wireless infrastructure. Despite its promise, realizing ISAC
in practical systems—particularly with commodity Wi-Fi—remains challenging due
to high-dimensional channel representations, compute intensive channel sounding,
hardware imperfection, and strong variability across environments. This thesis ad-
dresses these challenges by developing practical, learning-driven ISAC frameworks
that explicitly exploit the structural properties of wireless channels across time, fre-
quency, and space. The thesis is organized around two complementary thrusts.
First, communication-aided sensing is realized through PULSE , a lightweight
framework that transforms raw Channel Frequency Response (CFR) measurements
into compact, physics-aware temporal representations for sensing inference and keep-
ing it generalized across domains. Second, sensing-aided communication is enabled
through ELF , a scalable channel feedback framework that reformulates multi-
antenna channel reporting as a structural inference problem, by feeding back only
a small number of representative subchannel embeddings. Experiments show that
PULSE achieves over 99% sensing accuracy across diverse activities while re-
ducing the effective input dimensionality by approximately 85% and maintaining
low inference latency suitable for real-time edge deployment. PULSE generalizes to
unseen environments and devices using as little as 5 seconds worth of labeled data,
outperforming state-of-the-art Wi-Fi sensing frameworks under domain shifts. On
the other hand ELF reduces feedback overhead by up to 96% relative to dense sub-
carrier reporting, while preserving near-identical communication reliability. Com-
pared to standard IEEE 802.11ax explicit feedback, ELF achieves up to a 25×
reduction in feedback size across wide bandwidths, and its feedback cost remains
effectively independent of antenna count, enabling scalable operation in large
Multiple-Input Multiple-Output (MIMO) systems. Extensive simulations and real-
world Wi-Fi testbed evaluations demonstrate that the proposed approaches achieve
strong sensing accuracy, robust cross-domain generalization, and substantial reduc-
tions in communication overhead. Collectively, this thesis establishes a unified and
deployable ISAC framework for commodity Wi-Fi systems, highlighting the role of
channel structure in enabling efficient and reliable sensing and communication under
real-world constraints.

Keywords: Channel Frequency Response (CFR); Channel State Information (CSI);
Wi-Fi Sensing; Temporal Channel Evolution; Communication-Aided Sensing; Sensing-
Aided Communication; Channel Sounding; Neural Channel Estimation; CFR Re-
construction; Multi-Band Channel Fusion; Activity Recognition; Environment Aware-
ness; Machine Learning for Wireless Systems; Wi-Fi 6/6E; Next-GenerationWireless
Networks.
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Chapter 1

Introduction

Wireless communication has become an essential part of modern life[1]. Today,
wireless technologies—particularly Wi-Fi—form the backbone of indoor connectiv-
ity in homes, offices, educational institutions, and public spaces. The widespread
availability of wireless infrastructure has enabled continuous internet access for bil-
lions of devices, supporting applications ranging from personal communication to
enterprise networking and smart environments[1]. As wireless networks continue
to expand in scale and capability, their role is no longer limited to simply deliver-
ing data between devices. Traditionally, wireless systems have been designed with
a single goal: reliable and efficient data transmission. From this perspective, the
wireless channel is viewed as a medium that introduces distortion due to multi-
path propagation, fading, mobility, and hardware imperfections[2][3]. These effects
are treated as impairments that must be estimated and compensated through signal
processing techniques such as channel estimation, equalization, and error correction.

However, extensive experimental evidence has shown that these channel variations
are not random artifacts alone. Instead, they are strongly influenced by the phys-
ical environment in which communication takes place[4]. Human motion, object
placement, and environmental geometry leave signatures on wireless signals as they
propagate, reflect, scatter, and diffract. This observation has led to the realization
that wireless signals inherently carry information about the surrounding physical
world, in addition to the data they are intended to convey[5][6]. This insight forms
the foundation of wireless sensing, an area that has gained significant attention
in recent years. Prior work has demonstrated that Wi-Fi signals can be used for
device-free sensing tasks such as human activity recognition, localization, and health
monitoring by analyzing channel measurements obtained during normal communi-
cation operations[7][8].

At the same time, modern wireless communication systems are becoming increas-
ingly complex. Recent Wi-Fi and cellular standards employ wide bandwidths, multi-
ple antennas, beamforming, and multi-band operation to support high data rates and
dense user populations[9]. While these technologies improve communication perfor-
mance, they also place greater demands on accurate channel knowledge. In prac-
tical systems, channel estimation is often limited by sparse pilots, non-contiguous
spectrum, hardware impairments, and dynamic environments, causing traditional
analytical methods to struggle under real-world conditions. These parallel develop-

1



ments—wireless sensing on one hand and increasingly sophisticated communication
systems on the other—have motivated a new design philosophy known as Integrated
Sensing and Communication (ISAC), which seeks to unify sensing and communica-
tion within a single wireless system. In an ISAC framework, the same signals,
hardware, and spectrum resources are jointly leveraged for data transmission and
environmental perception, enabling sensing insights to improve communication effi-
ciency and adaptability.

1.1 Integrated Sensing and Communication

The integration of sensing and communication (ISAC) has emerged as a unifying
paradigm that seeks to jointly design wireless systems for data transmission and
environmental perception. By treating sensing and communication as tightly cou-
pled functionalities, ISAC enables wireless networks to reuse the same signals, hard-
ware, and spectrum resources to simultaneously support connectivity and situational
awareness.

1.1.1 ISAC in IoT Technologies

Internet of Things (IoT) refers to a large ecosystem of interconnected devices that
are embedded into everyday environments and are capable of sensing, communica-
tion, and control[10]. These devices include sensors, actuators, smart appliances,
wearable devices, and industrial machines. In traditional IoT systems, sensing and
communication are treated as two separate functions[11]. Sensors first collect phys-
ical measurements such as temperature, motion, or light, and these measurements
are then transmitted over a wireless network to a central server or controller for
processing and decision-making. As IoT systems continue to expand, this separa-
tion between sensing and communication becomes increasingly inefficient. Deploying
large numbers of dedicated sensors increases cost, power consumption, and system
complexity[12]. In addition, many IoT environments—such as homes, offices, hospi-
tals, and factories—already contain dense wireless connectivity through technologies
like Wi-Fi, Bluetooth, and low-power wide-area networks. This observation has mo-
tivated the idea of using existing wireless communication signals themselves as a
source of sensing information[13].

Integrated Sensing and Communication provides a natural solution to these chal-
lenges by enabling IoT systems to sense the environment using the same wireless
signals that are used for data communication. When IoT devices communicate
wirelessly, the transmitted signals interact with the physical environment through
reflection, scattering, and attenuation[4]. These interactions are influenced by fac-
tors such as human movement, object placement, and environmental layout. By
analyzing how the received signals change over time, ISAC-enabled IoT systems can
infer meaningful information about their surroundings without requiring additional
sensing hardware. One of the most important benefits of ISAC in IoT systems is
energy efficiency. Many IoT devices are battery-powered or rely on energy harvest-
ing, making power consumption a critical design constraint. Traditional sensing
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approaches often require continuous sampling and signal processing, which can sig-
nificantly reduce device lifetime. In contrast, ISAC allows sensing to be performed
passively or opportunistically by reusing communication signals that are already
transmitted for other purposes[14]. This reuse minimizes additional energy con-
sumption and enables scalable sensing across large IoT deployments. Furthermore,
ISAC enables IoT systems to become more context-aware and adaptive. Informa-
tion inferred from wireless sensing can be used to guide communication decisions,
trigger control actions, or adjust system behavior in real time[15]. For example, an
IoT system may reduce communication activity when no human presence is detected
or prioritize certain data transmissions based on sensed environmental conditions.
By tightly integrating sensing and communication, ISAC supports the development
of intelligent IoT systems that respond dynamically to changes in their physical
environment rather than operating based on fixed assumptions.

1.1.2 ISAC in Cellular Networks

Cellular networks represent one of the earliest and most extensively studied plat-
forms for Integrated Sensing and Communication, particularly in the context of fifth-
generation (Fifth-Generation (5G)) and emerging sixth-generation (Sixth-Generation
(6G)) wireless systems[5]. Modern cellular networks are designed to support high
data rates, low latency, and reliable connectivity across large geographic areas. To
achieve these goals, they employ advanced technologies such as massive multiple-
input multiple-output MIMO, wide transmission bandwidths, high-frequency oper-
ation, and sophisticated beamforming techniques[16]. These same technologies also
enable high-resolution sensing capabilities. Massive MIMO antenna arrays provide
fine spatial resolution, while wide bandwidths offer precise temporal resolution. As

3



a result, cellular base stations can observe detailed characteristics of the wireless
channel, including angle, delay, and Doppler information[17]. By analyzing these
channel properties, cellular networks can perform sensing tasks such as user lo-
calization, mobility tracking, environmental mapping, and vehicle detection, often
using signal processing techniques similar to those used in radar systems[18].

TargetTarget

IRS

BS-1 BS-2

Figure 1.2: ISAC implementation in cellular network

In cellular ISAC systems, sensing is often performed at the infrastructure level. Base
stations act as powerful sensing nodes that continuously monitor the environment
while serving multiple users[19]. This network-centric sensing enables large-scale
situational awareness and supports advanced applications such as intelligent trans-
portation systems and autonomous driving. In addition, sensing information can
be fed back into the communication system to improve performance[15]. For ex-
ample, knowledge of user movement and environmental dynamics can help optimize
beamforming, scheduling, and handover decisions. The integration of sensing into
cellular networks is closely aligned with the vision of future wireless systems as in-
telligent and adaptive platforms. In 6G research, networks are expected to move
beyond static configuration and become self-aware systems that continuously ob-
serve their environment, learn from data, and optimize their operation[20]. ISAC
plays a key role in this vision by providing the sensory input needed for intelligent
decision-making. Despite these advantages, cellular ISAC systems face practical
limitations. The hardware required to support wideband sensing and large antenna
arrays is expensive and consumes significant power[21]. Deploying such systems
is often feasible only in large-scale or outdoor environments. Additionally, cellu-
lar infrastructure is centrally managed and may not provide the flexibility needed
for fine-grained sensing in indoor or small-scale scenarios. These limitations high-
light the need for complementary ISAC solutions based on more accessible wireless
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technologies, such as Wi-Fi.

1.1.3 ISAC in Wi-Fi Systems

Wi-Fi systems offer a highly practical and accessible platform for implementing In-
tegrated Sensing and Communication (ISAC), particularly in indoor environments.
Wi-Fi is one of the most widely deployed wireless technologies in the world, providing
connectivity in homes, offices, campuses, and public spaces[22]. Wi-Fi access points
are typically installed close to users and objects, resulting in dense spatial coverage
that is well suited for detailed environmental sensing. Recent advancements in Wi-
Fi standards have significantly enhanced the sensing capabilities of Wi-Fi systems.
Modern Wi-Fi technologies support wider bandwidths, multiple antennas, and ex-
plicit channel measurements that capture detailed information about the wireless
channel. Measurements such as Channel State Information and Channel Frequency
Response describe how signals propagate across frequency and time, and they are
sensitive to even small changes in the environment[23]. Human movement, object
displacement, and changes in line-of-sight conditions can all cause measurable varia-
tions in these channel parameters[14]. One of the key strengths of Wi-Fi-based ISAC
is its low cost and ease of deployment. Unlike cellular systems, Wi-Fi hardware is
inexpensive and widely available, making it possible to deploy sensing applications
at large scale without specialized equipment. Wi-Fi sensing can often be imple-
mented through software updates or signal processing techniques applied to existing
devices, which reduces deployment barriers and encourages experimentation. In
addition, Wi-Fi operates in unlicensed spectrum, allowing rapid development and
deployment without regulatory constraints. However, Wi-Fi was originally designed
purely for communication, not sensing. As a result, Wi-Fi-based ISAC systems face
unique challenges. Packet transmissions are irregular and driven by network traffic
rather than sensing requirements[24]. Channel measurements may be noisy, incom-
plete, or vendor-specific, and hardware imperfections can introduce instability in
sensing data. These factors make it difficult to extract reliable and generalizable
sensing information directly from raw Wi-Fi measurements.
Addressing these challenges requires new approaches that are specifically tailored
to the constraints of Wi-Fi systems. Instead of relying on idealized assumptions or
dense measurements, Wi-Fi ISAC solutions must exploit the underlying structure
of the wireless channel and focus on features that are robust to noise and variabil-
ity[18]. Given its widespread adoption and practical relevance, Wi-Fi provides an
ideal testbed for developing ISAC techniques that are both effective and deployable
in real-world environments. For these reasons, this thesis focuses on the integration
of sensing and communication in Wi-Fi systems, with the goal of demonstrating
scalable and practical ISAC solutions using commodity hardware[8].

1.2 Research Motivation

Integrated Sensing and Communication (ISAC) is motivated by a simple but funda-
mental observation: the wireless channel is not only a communication medium, but
also a physical phenomenon shaped by the environment. Every packet transmission
interacts with walls, furniture, and human bodies through reflection, diffraction, and
scattering. As a result, the channel response carries implicit information about the
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surrounding physical world. At the same time, modern wireless systems increasingly
depend on accurate channel knowledge to enable advanced features such as beam-
forming, multi-user MIMO, and multi-band operation. These two realities suggest
that sensing and communication should not be treated as isolated functionalities.
Instead, they should be designed as complementary capabilities that reuse the same
measurements, infrastructure, and resources whenever possible.

This thesis is motivated by the gap between what is theoretically possible in ISAC
and what is practical in real deployments, especially with commodity Wi-Fi. As
discussed in the challenges section, Wi-Fi sensing and learning-driven communica-
tion face instability from device imperfections, compute intensive heavyweight tasks,
irregular measurements dictated by protocol behavior, and strong variability across
environments. The variations in multipath components restrain ISAC from being
consistent across different environments. These challenges do not imply that Wi-Fi
is a poor platform for ISAC. Rather, they motivate a careful design philosophy: Wi-
Fi ISAC must be built by explicitly embracing the constraints of commodity hardware
and real network behavior, instead of assuming idealized sensing schedules or per-
fectly calibrated measurements. In particular, this thesis is motivated by the need to
(i) exploit wireless channel structure for sensing purpose in realistic Wi-Fi settings,
(ii) building up a domain adaptive learning driven intelligent wireless sensing sys-
tem, (iii) reduce computational and energy burden of learning models so that they
can be deployed on practical edge devices, and (iv) reduce communication overhead
by sensing channel dynamics and channel structure more intelligently, rather than
repeatedly reporting or retransmitting redundant information.

A key principle underlying this motivation is that wireless channels exhibit rich
structure across frequency, space, and time. Even in challenging indoor environ-
ments, channel measurements are not arbitrary: they often show correlation across
subcarriers, low-dimensional behavior in the spatial domain, and temporal consis-
tency over short intervals. These properties provide an opportunity to redesign both
sensing and communication pipelines. Instead of treating each packet as an isolated
sample, or treating each subcarrier as an independent coefficient to estimate, one can
treat channel measurements as structured objects that can be learned, compressed,
aligned, and tracked. This shift in viewpoint directly supports both Wi-Fi sensing
and learning-driven communication, because it encourages approaches that leverage
the intrinsic regularities of the channel rather than relying on dense measurements
or heavy computation.

1.2.1 A Unified View of Communication-Aided Sensing and
Sensing-Aided Communication

A core motivation for Wi-Fi ISAC is that sensing and communication naturally
enhance each other, but in different ways. This motivates two complementary di-
rections: communication-aided sensing and sensing-aided communication. Both
are necessary because they address different limitations of real wireless systems.
Communication-aided sensing is motivated by the fact that Wi-Fi infrastruc-
ture is already widely deployed, continuously transmitting packets for connectivity.
If sensing can be performed by reusing these existing communication signals and
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measurements, then sensing becomes scalable, low-cost, and easy to adopt. This is
especially important in indoor environments where deploying dedicated sensors is
expensive, intrusive, and difficult to maintain. Moreover, Wi-Fi operates in close
proximity to people and objects, enabling rich sensing signatures without requir-
ing line-of-sight cameras or specialized radar hardware. The motivation here is not
merely to demonstrate that sensing is possible, but to make sensing deployable: sens-
ing systems should work with commodity devices, tolerate measurement irregularity,
and remain robust under interference and changing traffic patterns. In practice, this
means sensing methods must handle sparse and non-uniform sampling, measurement
noise, and device heterogeneity. Therefore, communication-aided sensing in Wi-Fi
is motivated by the need for practical, privacy-preserving, and infrastructure-free
sensing that can operate within the constraints of real networks.

Sensing-aided communication is motivated by the opposite direction: modern
Wi-Fi communication performance is fundamentally constrained by overhead and
imperfect channel knowledge. Advanced features such as beamforming and Multi-
user MIMO (mu-MIMO) depend on accurate channel information, but obtaining
that information repeatedly can consume significant airtime and control resources.
As systems evolve toward larger antenna arrays, wider bandwidths, and more frag-
mented spectrum, the cost of acquiring, feeding back, and updating channel state
increases. At the same time, channels are not arbitrary; they evolve in ways that
reflect mobility and environmental dynamics. If the transmitter can sense when
the channel has meaningfully changed, or infer missing channel information from
structure and correlation, it can reduce unnecessary updates and focus resources
where they matter. This motivates sensing-aided communication as a way to im-
prove throughput and reliability not by adding more pilots or more feedback, but by
understanding channel behavior and using that understanding to reduce overhead.

Crucially, these two directions should not be viewed as separate research tracks that
happen to share a dataset. They represent two parallel ways of treating the channel
as a structured physical object. Communication-aided sensing asks: What can
we infer about the world from channel measurements that already exist
for communication? Sensing-aided communication asks: What can we infer
about the channel itself so that we can communicate more efficiently
with fewer measurements and less overhead? Together, they motivate a
unified ISAC perspective that is particularly relevant for Wi-Fi, where signals are
abundant but measurements are constrained and protocol-driven.

1.2.2 Wi-Fi as a Practical and Deployable ISAC Platform

Wi-Fi is an appealing platform for ISAC because it is ubiquitous and operates pri-
marily in indoor environments where sensing applications are most needed. However,
the motivation to focus on Wi-Fi is not simply its popularity. The deeper motiva-
tion is that Wi-Fi represents the most realistic testbed for ISAC under practical
constraints. Unlike controlled radar-style sensing systems, Wi-Fi transmissions are
shaped by contention, scheduling, rate adaptation, and user traffic. Channel mea-
surements arrive irregularly, may be partially available depending on the device and
driver, and can be distorted by hardware impairments. Environmental variation is
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also more severe indoors, where multipath is rich and sensitive to small changes
in geometry. This reality motivates a shift from idealized assumptions to deploy-
able design. Many sensing approaches implicitly assume consistent sampling, stable
hardware, and clean channel measurements. In practice, Wi-Fi breaks these assump-
tions. Therefore, a central motivation of this thesis is to develop ISAC methodologies
that remain meaningful under Wi-Fi constraints: irregular packet timing, unstable
phase behavior, limited access to raw channel information, and device heterogeneity.
This also motivates investigating representations and processing strategies that are
robust to device noise and protocol behavior. Rather than relying on fragile low-
level signal details, practical Wi-Fi sensing and communication enhancement should
exploit channel structure that remains stable across these variations.

Another motivation is scalability. In realistic deployments, Wi-Fi networks may
serve many devices simultaneously, often using mu-MIMO and wide channels. Sens-
ing approaches that require specialized firmware access, heavy per-packet computa-
tion, or dense measurement scheduling can become impractical at scale. Similarly,
communication approaches that require frequent sounding or large feedback can re-
duce network efficiency. This motivates approaches that reduce both computational
load and protocol overhead, so that ISAC benefits can be realized without disrupt-
ing network operation.

Finally, Wi-Fi is evolving toward explicit sensing support in standardization efforts.
This trend motivates foundational research that can influence how sensing and com-
munication will coexist in future Wi-Fi generations. Even before sensing is fully
standardized, Wi-Fi already provides rich channel measurements through existing
procedures such as channel sounding and feedback. A practical motivation of this
thesis is therefore to exploit what is already available in commodity Wi-Fi today,
while also guiding how Wi-Fi ISAC can be strengthened in the future.

1.2.3 Domain Generalization as a Core Design Requirement
for Wi-Fi ISAC

A central motivation of this thesis is the challenge of domain generalization in real-
world Wi-Fi sensing and learning-driven communication systems. In practical de-
ployments, wireless environments are highly diverse: variations in room geometry,
furniture layout, building materials, device placement, antenna orientation, and
human behavior can significantly alter observed channel responses. Consequently,
channel measurements collected in one environment often exhibit markedly differ-
ent statistical properties in another, posing a major challenge for data-driven ap-
proaches. Many existing Wi-Fi sensing and communication enhancement systems
are trained under controlled conditions, typically using data from a limited set of
environments. While such models may achieve high accuracy during evaluation,
their performance often degrades sharply when deployed in new environments or
with new users. This degradation reflects the strong sensitivity of wireless chan-
nels to contextual factors such as multipath structure, interference, and hardware
characteristics. As a result, models that rely on environment-specific features are
difficult to deploy at scale.
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Addressing domain generalization is essential given the realities of Wi-Fi opera-
tion. Wi-Fi networks are deployed for connectivity rather than sensing, and their
environments evolve continuously as access points are repositioned, devices join or
leave the network, and user behavior changes. Retraining models for every envi-
ronmental change is impractical. A deployable Wi-Fi ISAC system must there-
fore extract channel representations that remain meaningful across environments,
devices, and usage scenarios. While channel measurements vary across domains,
they are governed by consistent physical propagation mechanisms such as reflec-
tion, diffraction, and scattering. This motivates a shift from learning superficial,
environment-dependent patterns toward representations that capture transferable
channel structure. Properties such as temporal consistency, frequency-domain cor-
relation, and low-dimensional spatial structure often persist across environments,
even as absolute channel values change. Exploiting these shared characteristics
enables models that are more robust to domain shifts. Domain generalization is
equally critical in sensing-aided communication, where inaccurate channel inference
under changing conditions can degrade beamforming, rate adaptation, and feedback
efficiency. Moreover, the cost of collecting labeled data across many environments
and devices makes large-scale, environment-specific training impractical. These con-
straints motivate approaches that generalize from limited data and adapt gracefully
without extensive retraining. For these reasons, this thesis treats domain variability
as a first-class design consideration rather than an afterthought. By emphasizing
channel structure, temporal evolution, and physically grounded representations, the
proposed Wi-Fi ISAC frameworks aim to achieve robust, efficient, and deployable
sensing and communication across diverse real-world environments.

1.2.4 Channel Structure as the Key to Reducing Model
Complexity and Communication Overhead

A recurring challenge in both sensing and learning-driven communication is that
naive learning solutions tend to become heavy. High-dimensional Channel State
Information (CSI)/CFR tensors, multiple antenna pairs, and wide bandwidths en-
courage deep models with large memory footprints and high computation. These
models may perform well in controlled experiments, but become difficult to deploy
on real devices due to latency, energy consumption, and the need for frequent re-
training under distribution shifts. Therefore, this thesis is motivated by the need to
reduce the computational footprint of learning-based approaches while preserving
robustness and accuracy. The key insight motivating this direction is that wireless
channels are structured and often redundant. Across frequency, adjacent subcar-
riers are correlated because multipath delays are shared. Across antennas, spatial
responses often lie in a lower-dimensional subspace because propagation paths are
limited. Across time, short-term channel evolution is often smooth except during
significant motion events. If learning models explicitly leverage these properties,
then they can be made lighter: fewer parameters are needed to represent the chan-
nel, fewer samples are needed to infer missing information, and fewer updates are
needed when the channel is stable. In other words, channel structure provides a
path toward efficient learning, not only accurate learning.

This same structural view also motivates reducing communication overhead. Tradi-
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tional channel acquisition often treats each update as an independent requirement:
pilots are transmitted, channels are estimated, and feedback is returned. In prac-
tice, this can result in repeated reporting of information that has not meaningfully
changed. If the system can sense channel evolution and determine when updates
are truly needed, overhead can be reduced. Similarly, if the system can infer high-
resolution channel information from sparse measurements using learned structural
priors, then fewer pilots and fewer feedback bits are required. This is especially rel-
evant in wideband and fragmented spectrum operation, where measuring every sub-
carrier in every band becomes expensive. Multi-band correlation further strengthens
this motivation: channels at different frequency bands can share propagation paths,
enabling inference across bands and reducing the need for exhaustive measurement.

In summary, the motivation of this thesis is rooted in efficiency and deployability.
Wi-Fi ISAC should not rely on heavy models that assume ideal measurements, nor
should it require excessive control overhead that reduces throughput. Instead, it
should exploit the physical and statistical structure of wireless channels to build
methods that are robust to real-world constraints, computationally efficient, and
communication-efficient. These motivations naturally lead to the research objectives
presented in the next section, where the thesis contributions are defined in terms of
concrete thrusts, system designs, and methodological goals.

1.3 Problem Statement

Integrated Sensing and Communication (ISAC) aims to reuse the same wireless
signals and hardware to simultaneously support environmental sensing and data
communication. In commodity Wi-Fi, this goal is attractive because Wi-Fi infras-
tructure is ubiquitous and already exposes channel measurements (e.g., CFR/CSI)
through standardized procedures such as channel sounding and feedback. However,
directly using these measurements for ISAC in real deployments remains difficult
because (i) measurements are protocol-driven rather than sensing-driven, (ii) com-
modity radios introduce device-induced distortions and irregular sampling, and (iii)
the channel is high-dimensional and strongly domain dependent across environments,
devices, and users. Meanwhile, modern Wi-Fi communication increasingly relies on
accurate channel knowledge for mu-MIMO and wideband operation, but obtaining
and reporting this channel state at scale creates substantial control overhead and
user-side computational burden.
This thesis addresses a focused ISAC problem in commodity Wi-Fi:

How can commodity Wi-Fi channel measurements be transformed into
structured, low-overhead representations that (i) enable reliable sensing
under protocol-driven, imperfect measurements and domain shifts, and
(ii) enable scalable multi-antenna communication by reducing channel
feedback overhead without imposing heavy computation at the user de-
vice?

Rather than pursuing waveform redesign, radar-style sensing, or MAC reconfigu-
ration, the thesis focuses on representation and inference: treating Wi-Fi channel
measurements as structured objects whose regularities across time and frequency
can be exploited to make sensing and communication practical.
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Problem P1: Robust Sensing from Protocol-Driven and Im-
perfect Wi-Fi Measurements

Wi-Fi channel measurements are collected opportunistically based on traffic, con-
tention, and scheduling. Consequently, samples can be sparse, bursty, and irregular
in time. In addition, commodity hardware introduces distortions (e.g., phase in-
stability, quantization artifacts, residual frequency offsets) that create fluctuations
unrelated to physical motion. These effects violate common assumptions used in
learning-based sensing, where channel tensors are treated as clean, uniformly sam-
pled inputs. As a result, models trained under controlled conditions can misinterpret
device-induced variations as environmental changes and fail when traffic patterns or
devices change.

Problem P2: Domain Shift across Environments, Devices,
and Users

Indoor Wi-Fi channels are highly sensitive to room geometry, multipath structure,
device placement, and human behavior. Channel statistics therefore change substan-
tially across environments and stations, causing strong domain shifts that degrade
sensing accuracy and learning-based inference. Frequent retraining is impractical
due to the cost of data collection and labeling, especially for sensing tasks. A
deployable Wi-Fi ISAC system must therefore learn representations that transfer
across domains and adapt with minimal labeled data.

Problem P3: Scalability Limits of Conventional Wideband
MIMO Channel Feedback

In multi-antenna wideband Wi-Fi systems, channel feedback overhead grows rapidly
with bandwidth and antenna dimension under conventional explicit sounding. This
overhead consumes airtime and reduces effective throughput. Learning-based com-
pression can reduce the number of feedback bits, but many approaches assume a
neural encoder at the user device, shifting significant computational cost to battery-
powered clients. Moreover, both conventional and learning-based pipelines often
ignore frequency-domain redundancy and report information uniformly across sub-
carriers, even when many subchannels are highly correlated.

Problem Scope and Thesis Focus

In summary, the thesis targets two concrete and coupled gaps in commodity Wi-
Fi ISAC: (i) enabling robust, generalizable sensing from imperfect, protocol-driven
channel measurements without heavy models, and (ii) enabling scalable communica-
tion by reducing wideband MIMO channel feedback overhead without introducing
heavy user-side computation. The key hypothesis is that Wi-Fi channels exhibit
exploitable structure and redundancy across time and frequency, and that explicitly
leveraging this structure can yield deployable ISAC frameworks that remain robust
under real-world constraints.
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1.4 Research Objectives

Guided by the challenges and motivations discussed earlier, the objective of this
thesis is to develop concrete and deployable ISAC mechanisms for commodity Wi-Fi
systems under realistic operational constraints. Specifically, this thesis targets two
narrowly defined and practically relevant instantiations of Wi-Fi ISAC: (i) temporal
CFR-based human activity sensing using protocol-driven communication measure-
ments, and (ii) low-overhead channel feedback for wideband Wi-Fi MIMO systems
through structural sensing of the channel frequency response.
Rather than treating sensing and communication as isolated or idealized problems,
the thesis adopts a unified perspective in which the wireless channel is viewed as a
structured physical object whose temporal, frequency-domain, and spatial properties
can be selectively exploited to support both functions efficiently. The overarching
research objective of this thesis is therefore summarized as follows:

To design learning-driven Wi-Fi ISAC frameworks that enable (i) reliable
temporal CFR-based sensing under irregular, protocol-driven measure-
ments, and (ii) scalable MIMO channel feedback with reduced overhead,
by explicitly exploiting channel structure while respecting the computa-
tional and protocol constraints of commodity Wi-Fi systems.

To achieve this objective, the thesis is organized around two complementary but
clearly scoped research thrusts, each corresponding to a specific ISAC mechanism
rather than a general sensing or communication paradigm.

1.4.1 Thrust I: A Communication-Aided Sensing Approach
via PULSE

The first research thrust focuses on communication-aided sensing in the specific con-
text of human activity recognition using Wi-Fi Channel Frequency Response (CFR).
The objective is to develop a novel Wi-Fi sensing framework, that robustly infer
human activities from the temporal evolution of CFR measurements that are irreg-
ularly sampled, noisy, and shaped by Wi-Fi protocol behavior.

To this end, this thesis proposes PULSE , a sensing framework that explicitly priori-
tizes temporal channel dynamics over raw high-dimensional channel representations.
The objectives of this thrust are threefold. First, to design sensing representations
that capture physically meaningful temporal variations in the wireless channel while
suppressing hardware- and protocol-induced artifacts. Second, to enable domain-
adaptive activity sensing, where models trained in one environment generalize to new
environments, users, and device placements with minimal labeled data. Third, to
ensure that sensing can be performed with lightweight computation suitable for edge
devices, without relying on dense CFR tensors or heavyweight neural architectures.

1.4.2 Thrust II: Sensing-Aided Communication via ELF

The second research thrust focuses on a sensing-aided communication in the specific
context of channel feedback for wideband Wi-Fi MIMO systems. Particularly, the
objective of this thrust is to address a precise and practical scalability bottleneck:
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the rapid growth of channel feedback overhead and receiver-side computation as
bandwidth and antenna counts increase.

This thesis introduces ELF , a framework that reinterprets channel feedback as a
structural sensing problem over the channel frequency response, rather than as dense
coefficient reporting or end-to-end autoencoder compression. The objectives of this
thrust are threefold. First, to exploit redundancy across subcarriers by learning a
latent representation in which only a small number of representative subchannels
need to be reported. Second, to shift learning and reconstruction complexity away
from user devices and toward the base station, ensuring that feedback mechanisms
remain feasible on commodity clients. Third, to align channel reconstruction with
communication performance metrics, ensuring that reduced feedback directly sup-
ports reliable precoding and data transmission.

1.4.3 Overall Contribution of the Thesis

Together, the two research thrusts establish a unified and coherent contribution to-
ward practical Wi-Fi–based Integrated Sensing and Communication. The summery
of contribution is listed as below:

• PULSE introduces a physics-aware temporal embedding framework that ex-
tracts temporal descriptors pertaining to channel dynamics from CFR, which
preserves the discriminative structure while reducing input size by up to 85%
for efficient edge sensing.

• PULSE proposes a unified temporal embedding based learning pipeline, where
a lightweight 1D CNN jointly performs feature embedding and activity infer-
ence. Unlike conventional sensing approaches, this joint learning enhances
discriminability and minimizes redundancy in temporal representations.

• PULSE integrates a supervised contrastive pretraining and prototype-based
few-shot adaptation strategy, achieving strong cross-domain generalization
from only a few seconds of labeled data.

• PULSE achieves 99.8% accuracy in recognizing 20 activities within known
environments and 95–96% when tested in unseen domains, improving cross-
domain performance by up to 9% over SOTA approach– BeamSense [25].

• We propose ELF , a learning-based framework for scalable and low-overhead
channel feedback in wideband Wi-Fi MIMO systems. Unlike conventional
autoencoder-based methods, ELF removes the need for a heavy User Equip-
ment (UE)-side encoder by shifting channel reconstruction entirely to the Base
Station (BS), keeping UE-side processing lightweight.

• We introduce an embedding-guided clustering mechanism that selects a small
set of representative subchannels and feeds back only their quantized latent
embeddings. With a representative ratio of K/F ≈ 1/8 (e.g., K=128 for
F=1024 at 80 MHz), ELF achieves≥96% feedback reduction while preserving
near-dense reconstruction performance.
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• We validate ELF in a Sionna simulation environment using 3rd Generation
Partnership Project (3GPP) TR 38.901 Clustered Delay Line (CDL) channels
across Wi-Fi-like bandwidths from 40–320 MHz and MIMO dimensions up
to 5×5. Results show that ELF provides up to 25× lower feedback than
IEEE 802.11ax explicit feedback across bandwidths, while its feedback size
remains approximately constant across antenna configurations (i.e., it
does not grow with additional antenna pairs). At the practical operating point
(K=128 at 80 MHz), ELF achieves ∼34 MFLOPs with inference latency
below 0.5 ms/sample, and maintains BER performance with negligible
degradation compared to dense feedback.

• For reproducibility, we pledge to share our code base for PULSE at: https:
//github.com/rifatzabin/PULSE, and code base for ELF at: https://github.
com/rifatzabin/ELF-Private

1.5 Thesis Organization

The following chapters of this thesis is organized to progressively develop the system
designs required for practical ISAC system. The organization of this thesis is as fol-
lows: Chapter 2 presents the literature review, covering the necessary background
on Wi-Fi systems and Radio Frequency (RF) sensing, and summarizing state-of-
the-art research relevant to this thesis. Chapter 3 introduces PULSE and details
the proposed communication-aided sensing framework, including system design and
methodology. Chapter 4 presents ELF and develops the sensing-aided commu-
nication framework for learning-driven feedback and adaptation in Wi-Fi MIMO
systems. Chapter 5 analyses the accuracy performance of both PULSE and ELF
explicitly. Chapter 6 concludes the thesis and outlines future research directions.
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Chapter 2

Literature Review

2.1 Background

This section introduces the core technical foundations required to understand Wi-Fi-
based ISAC. It first reviews how commodity Wi-Fi signals enable device-free sensing,
then summarizes the evolution of IEEE 802.11 standards and the channel sounding
mechanisms that expose CFR/CSI measurements used throughout this thesis.

2.1.1 Wi-Fi for Sensing

Wi-Fi has become one of the most pervasive wireless technologies in modern soci-
ety that serves as the primary means of indoor Internet connectivity across homes,
offices, campuses, hospitals, and public spaces [26][27][28][25]. The widespread adop-
tion of Wi-Fi is driven by its low deployment cost, operation in unlicensed spectrum,
and continual evolution through standardized IEEE 802.11 protocols. Economic pro-
jections estimate that the global Wi-Fi ecosystem will reach a value of approximately
4.9 trillion by 2025, highlighting both its technological and societal impact[29]. This
extensive deployment makes Wi-Fi an attractive platform for applications that ex-
tend beyond traditional data communication.

Figure 2.1: Sensing task leveraged by Wi-Fi networks
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In recent years, Wi-Fi has emerged as a promising technology for device-free sens-
ing. The goal is to infer information about the physical environment without re-
quiring individuals to carry sensors or wearables. The fundamental principle be-
hind Wi-Fi sensing is that wireless signals interact with their surroundings as they
propagate. When Wi-Fi signals travel between a transmitter and a receiver, they
undergo reflection, diffraction, and scattering due to walls, furniture, and human
bodies present in the environment[30]. Any movement or change in the physical
scene alters the multipath propagation characteristics of the wireless channel. As
depicted in Fig 2.1, these changes are captured in channel measurements such as
CSI or CFR, which are originally computed for communication purposes such as
channel estimation and equalization. By analyzing variations in these channel mea-
surements over time, Wi-Fi devices can infer a wide range of sensing information.
Prior research has demonstrated the feasibility of using Wi-Fi signals for fine-grained
indoor localization, where the position of a person or object is estimated based on
signal distortions[31][32]. Wi-Fi sensing has also been applied to human activity
recognition, enabling systems to distinguish between activities such as walking, sit-
ting, standing, or gesturing. In healthcare-oriented applications, Wi-Fi sensing has
been explored for monitoring respiration, detecting falls, and assessing general mo-
bility patterns, all while preserving user privacy since no visual data is collected.
Because Wi-Fi infrastructure is already densely deployed in indoor environments,
sensing capabilities can often be enabled through software-level processing without
requiring additional hardware installation. This significantly reduces cost and de-
ployment complexity compared to traditional sensing modalities such as cameras or
radar systems. Moreover, Wi-Fi sensing naturally operates in environments where
vision-based approaches may fail due to occlusion, lighting conditions, or privacy
concerns.
Despite these advantages, Wi-Fi sensing remains a challenging and evolving research
area. A large portion of existing work focuses on single-subject sensing scenarios,
where only one individual is present and performing activities at a time. While
such settings simplify modeling and inference, they do not reflect realistic envi-
ronments such as homes or offices, where multiple people may be present simul-
taneously. Multi-subject sensing introduces additional complexity because signal
variations caused by different individuals overlap in time and space, making it dif-
ficult to disentangle individual contributions to the channel dynamics[27]. Another
fundamental challenge in Wi-Fi sensing is its strong dependence on environment
and subject characteristics. Wireless channels are highly sensitive to room layout,
furniture placement, and background motion, which can vary significantly across
deployments. In addition, different individuals interact with the wireless channel
in different ways due to variations in body shape, movement speed, and activity
execution style. As a result, sensing models trained in one environment or with one
set of users often experience degraded performance when deployed in new settings.
While some efforts have attempted to improve robustness and generalization, these
approaches typically consider a limited set of activities or simplified sensing scenar-
ios.

Recognizing the growing importance of Wi-Fi sensing, the IEEE has recently ini-
tiated efforts to formally support sensing applications within Wi-Fi standards[26].
The IEEE 802.11bf working group has been established to define requirements and
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mechanisms for Wi-Fi sensing, marking a significant step toward standardizing sens-
ing functionality alongside communication. This development highlights the long-
term relevance of Wi-Fi sensing and its potential role in future wireless systems.

The following sections will represent a clear conception about different Wi-Fi stan-
dards along with their underlying features, the general channel sounding procedure
to obtain the corresponding CSI or CFR from the channel for sensing task, and the
prior approaches from research community towards Wi-Fi based sensing.

2.1.2 Evolution of Wi-Fi

Wi-Fi is based on the IEEE 802.11 family of standards, which has evolved over
more than two decades to meet the increasing demand for higher data rates, lower
latency, and improved spectral efficiency. While early Wi-Fi standards were de-
signed primarily for basic wireless data connectivity, successive generations have
introduced physical-layer and medium-access innovations that unintentionally—but
critically—enable wireless sensing.

Early Wi-Fi Standards: Foundations (802.11a/b/g)

The first IEEE 802.11 standard was ratified in 1997 and supported data rates up to 2
Mbps. Soon after, 802.11b introduced operation in the 2.4 GHz unlicensed band with
data rates up to 11 Mbps, making Wi-Fi commercially viable. 802.11a and 802.11g
followed, introducing Orthogonal Frequency Division Multiplexing (OFDM), which
divides the channel into multiple orthogonal subcarriers. OFDM marked a founda-
tional step toward sensing because it enabled subcarrier-level channel estimation,
allowing the receiver to observe frequency-selective fading. However, these early
standards used narrow channel bandwidths (20 MHz) and Single Input Single Out-
put (SISO) transmission, limiting both communication capacity and sensing resolu-
tion.

MIMO and Channel Expansion: 802.11n

A major milestone occurred with IEEE 802.11n, which introduced MIMO trans-
mission. By employing multiple antennas at the transmitter and receiver, 802.11n
enabled spatial multiplexing and significantly increased throughput. It also intro-
duced optional 40 MHz channels, doubling the spectral bandwidth.
From a sensing perspective, 802.11n was transformative. MIMO allowed Wi-Fi sys-
tems to observe spatial diversity, while wider bandwidth improved temporal reso-
lution. More importantly, channel estimation became multi-dimensional, producing
CSI or CFR matrices indexed by subcarrier, transmit antenna, and receive antenna.
These multi-dimensional measurements form the basis of most modern Wi-Fi sensing
systems.

Very High Throughput Wi-Fi: 802.11ac

IEEE 802.11ac extended Wi-Fi capabilities substantially by operating exclusively
in the 5 GHz band and introducing 80 MHz and 160 MHz channels, along with
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256-QAM modulation. It also standardized explicit beamforming through Null
Data Packet (NDP) sounding and enabled mu-MIMO.
These features significantly enhanced sensing potential. Wider bandwidths increased
delay resolution, while larger antenna arrays improved angular resolution. Explicit
beamforming required frequent and structured channel sounding, resulting in high-
quality CFR measurements. As a result, 802.11ac became one of the most widely
used platforms for fine-grained indoor sensing, including activity recognition, local-
ization, and gesture detection.

High Efficiency Wi-Fi: 802.11ax (Wi-Fi 6)

IEEE 802.11ax, also known as Wi-Fi 6, shifted the design focus from peak through-
put to spectral efficiency and dense deployment performance. It introduced Orthogo-
nal Frequency Division Multiple Access (OFDMA), allowing multiple users to share
subsets of subcarriers within the same transmission. While channel bandwidths
remain similar to 802.11ac, OFDMA enables much finer granularity in frequency
allocation.
For sensing, 802.11ax offers two important advantages. First, the division of channels
into Resource Units (RUs) enables selective sensing over specific frequency regions.
Second, denser channel sounding and improved synchronization increase temporal
consistency. These features make 802.11ax particularly suitable for scalable sensing
in multi-user and crowded environments.

Toward Native Sensing Support: 802.11bf

Recognizing the growing importance of Wi-Fi sensing, IEEE establishedTask Group
802.11bf, which aims to explicitly support sensing functionality in future Wi-Fi
standards. Unlike previous amendments—where sensing was an unintended byprod-
uct—802.11bf seeks to define standardized mechanisms for sensing measurements,
reporting, and coordination.

This development marks a paradigm shift: Wi-Fi is no longer viewed solely as a
communication technology, but as a joint communication-and-sensing platform. The
evolution from 802.11a to 802.11bf reflects a gradual transition from data delivery
to environmental awareness. Table 2.1 demonstrate a comparison between major
Wi-Fi standards in terms of their physical layer parameters.
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Table 2.1: Comparison of Major Wi-Fi Standards and Their Physical-Layer Parameters

Standard Year Bandwidth FFT Size Subcarrier Spacing Data Pilot Guard / Null MIMO Support

802.11a/g 1999 / 2003 20 MHz 64 312.5 kHz 48 4 12 SISO

802.11n 2009
20 MHz 64 312.5 kHz 52 4 8

Up to 4×4

40 MHz 128 312.5 kHz 108 6 14

802.11ac 2013

20 MHz 64 312.5 kHz 52 4 8

Up to 8×8 (AP)
40 MHz 128 312.5 kHz 108 6 14

80 MHz 256 312.5 kHz 234 8 22

160 MHz 512 312.5 kHz 468 16 44

802.11ax 2019

20 MHz 256 78.125 kHz 242 8 6

Up to 8×8 MU-MIMO
40 MHz 512 78.125 kHz 484 16 12

80 MHz 1024 78.125 kHz 996 32 28

160 MHz 2048 78.125 kHz 1992 64 56

802.11bf Ongoing – – – – – – TBD
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2.1.3 Wi-Fi Channel Sounding Procedure

Modern Wi-Fi systems rely on accurate knowledge of the wireless channel to support
advanced transmission techniques such as beamforming and multi-antenna spatial
multiplexing. In IEEE 802.11ac and IEEE 802.11ax systems, this channel knowl-
edge is obtained through an explicit channel sounding procedure. This procedure
enables the transmitter to estimate how the wireless medium distorts transmitted
signals across frequency, space, and time.

From a signal processing perspective, channel sounding allows the system to estimate
the CFR, which describes how each frequency component of a transmitted signal is
altered by the propagation environment as depicted in Fig. 2.2

Null Data Packet (NDP)

Estimate CFR
H

MU-MIMO
Beamformee

Compress H 

BFI Frame 

Beamforming Feedback
Information (BFI)

Precoding 
Matrix 

MU-MIMO
Beamformer

Beamformed Data
signal

Figure 2.2: Wi-Fi channel sounding procedure

System Model and Channel Representation

Consider a Wi-Fi link where the transmitter is equipped with M antennas and
the receiver is equipped with N antennas. The system operates over an OFDM
waveform with K subcarriers. For a given OFDM symbol, the baseband input–
output relationship on the k-th subcarrier can be written as

yk = Hkxk + nk, k = 1, . . . , K, (2.1)

where

• xk ∈ CM is the transmitted signal vector,

• yk ∈ CN is the received signal vector,

• Hk ∈ CN×M is the channel matrix at subcarrier k, and

• nk represents additive noise.

Stacking the channel matrices across all subcarriers yields the full CFR tensor

H ∈ CK×M×N . (2.2)

Each element of this tensor captures both amplitude attenuation and phase rotation
introduced by the wireless channel for a specific frequency and antenna pair.
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Null Data Packet (NDP) Transmission

To estimate the CFR, the transmitter—referred to as the beamformer—initiates
channel sounding by transmitting a NDP. The NDP contains no user payload; in-
stead, it consists entirely of known training symbols called Long Training Field
(LTF). The LTF sequences are orthogonal across transmit antennas and known a
priori to the receiver. This design allows the receiver—referred to as the beam-
formee—to isolate the contribution of each transmit antenna and estimate the cor-
responding channel coefficients. Importantly, the NDP is transmitted over the entire
system bandwidth, enabling channel estimation across all active subcarriers.

Channel Estimation at the Receiver

Upon receiving the NDP, the beamformee performs channel estimation by correlat-
ing the received LTFs with the known transmitted sequences. For each subcarrier
k, the receiver computes an estimate Ĥk of the channel matrix.
This estimation process yields a discrete-time sequence of CFR measurements

{Ĥ(t)}Tt=1, (2.3)

where t indexes successive sounding instances. Each estimate reflects the instanta-
neous propagation conditions at the time of sounding.

Physically, these estimates encode the effects of multipath propagation, including
reflections from walls and objects, diffraction around obstacles, and scattering caused
by human motion.

Feedback Compression and Quantization

Directly feeding back the full CFR tensor would incur excessive overhead, especially
in wideband and multi-antenna systems. To address this, IEEE 802.11ac/ax specifies
a feedback compression mechanism.
The receiver applies a matrix decomposition—typically a form of Singular Value De-
composition (SVD)—to extract the dominant spatial characteristics of the channel.
The resulting representation is quantized and encoded into a beamforming feedback
matrix, which is significantly smaller than the raw CFR. This feedback preserves
the essential structure of the channel while reducing uplink overhead.

Feedback Transmission and Channel Reconstruction

The compressed feedback is transmitted back to the beamformer using a dedicated
beamforming feedback frame. Upon reception, the beamformer reconstructs an ap-
proximation of the channel and computes a precoding matrixWk for each subcarrier.
The transmitted signal is then pre-processed as

xk = Wksk, (2.4)

where sk denotes the data symbol vector. This precoding ensures that signals trans-
mitted from different antennas combine constructively at the receiver.
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Temporal Evolution of the Channel

Channel sounding is performed periodically to account for time-varying propagation
conditions. As a result, the beamformer observes a temporal evolution of the CFR:

H(t) = Hstatic +∆H(t), (2.5)

where

• Hstatic represents quasi-static components (e.g., walls, furniture), and

• ∆H(t) captures dynamic variations due to motion and environmental changes.

These temporal variations are typically treated as impairments in communication
systems. However, from a sensing perspective, they constitute a rich source of
physical information.

Channel Sounding as a Sensing Enabler

The CFR estimated during channel sounding is sensitive to changes in the physical
environment. Human motion, object displacement, and posture changes alter the
multipath structure of the channel, which manifests as measurable variations inH(t).

Consequently, the channel sounding procedure—originally designed to support beam-
forming, also provides a continuous stream of sensing measurements. By analyzing
the temporal and spectral structure of the CFR, it becomes possible to infer en-
vironmental dynamics without modifying the Wi-Fi protocol or adding specialized
sensing hardware. The following section provides detailed on this aspect.

2.1.4 CFR as a Sensing Primitive

The CFR estimated during the channel sounding procedure provides a detailed de-
scription of how wireless signals propagate through the environment. While its
primary role in Wi-Fi systems is to enable reliable communication through beam-
forming and equalization, the CFR also serves as a powerful sensing primitive due
to its direct dependence on the physical propagation environment.

From a physical-layer perspective, the wireless channel can be modeled as a su-
perposition of multiple propagation paths. Each path corresponds to a reflected,
diffracted, or scattered signal component caused by interactions with objects, walls,
furniture, and human bodies. For a given transmit–receive antenna pair, the CFR
at subcarrier k and time t can be expressed as

Hk(t) =
P∑

p=1

αp(t) e
−j2πfkτp(t), (2.6)

where P denotes the number of dominant multipath components, αp(t) represents
the complex gain of the p-th path, τp(t) denotes its propagation delay, and fk is the
frequency of the k-th subcarrier. Both αp(t) and τp(t) depend on the geometry and
material properties of the environment. Changes in the physical world directly affect
these parameters. Human motion, for example, introduces time-varying reflections
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and shadowing effects, which modify the amplitudes and phases of the multipath
components. As a result, even small movements lead to measurable perturbations
in the CFR across frequency, antennas, and time.

When extended to a multi-antenna system with M transmit antennas and N receive
antennas, the CFR becomes a tensor-valued representation

H(t) ∈ CK×M×N , (2.7)

capturing frequency-selective and spatially diverse channel responses. This high-
dimensional representation encodes rich information about the environment, includ-
ing spatial structure, motion dynamics, and temporal evolution.

From a sensing perspective, the key insight is that the CFR is not a static quantity.
Instead, it evolves over time according to

H(t) = Hstatic +Hdynamic(t), (2.8)

where Hstatic corresponds to quasi-static elements such as walls and furniture, and
Hdynamic(t) captures time-varying contributions caused by moving objects and hu-
man activities. While communication systems primarily aim to mitigate the effects
of Hdynamic(t), sensing systems intentionally exploit these variations.
The frequency dimension of the CFR provides sensitivity to fine-grained delay
changes, while the spatial dimension arising from multiple antennas enables an-
gular and spatial discrimination. Additionally, the temporal evolution of the CFR
reveals motion patterns, enabling the differentiation of activities with distinct dy-
namics, such as static postures, low-mobility gestures, and high-mobility actions.
Importantly, CFR-based sensing does not require explicit knowledge of object lo-
cations or scene geometry. Instead, sensing is performed implicitly by learning or
extracting patterns from how the channel responds to environmental changes. This
makes CFR a versatile and device-free sensing primitive that operates without line-
of-sight constraints or dedicated sensing hardware. Another practical advantage of
CFR as a sensing primitive is its availability in commodity Wi-Fi systems. CFR
estimates are routinely obtained during channel sounding for communication pur-
poses, making them readily accessible without modifying the underlying protocol.
This allows sensing functionality to be integrated into existing Wi-Fi deployments
with minimal additional overhead.

In summary, the CFR provides a compact yet information-rich representation of
the wireless propagation environment. Its sensitivity to multipath structure, spatial
configuration, and temporal dynamics makes it a natural foundation for Wi-Fi-based
sensing. By appropriately modeling and processing CFR measurements, it becomes
possible to infer meaningful physical-world information, thereby enabling Integrated
Sensing and Communication within standard Wi-Fi systems.

2.2 Related Works

In the last two decades, research community has emerged in the mighty sector of
smart wireless technology and explored the theory of integrated sensing and commu-
nication. The dual role of the wireless channel as both a communication medium and
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a sensing signal has motivated a rapidly growing body of research at the intersection
of wireless communications, signal processing, and machine learning. Building upon
the understanding of CFR as a sensing primitive, existing works can be broadly
categorized into two complementary directions: communication-aided sensing and
sensing-aided communication. These two lines of research reflect different perspec-
tives on how channel measurements can be exploited within ISAC systems.

2.2.1 Communication-Aided Sensing

Communication-aided sensing represents the earliest and most extensively studied
paradigm in Wi-Fi sensing, where wireless communication signals—originally de-
signed for data transmission—are repurposed to infer information about the sur-
rounding physical environment[5]. The central premise is that human motion and
object interactions alter the wireless propagation characteristics, and these alter-
ations can be captured through channel measurements obtained during standard
communication procedures. Early efforts in this domain relied primarily on coarse-
grained metrics such as the Received Signal Strength Indicator (RSSI)[33][34][35][36]
[37][38]. While RSSI-based approaches demonstrated the feasibility of device-free
sensing, their limited spatial and frequency resolution significantly constrained sens-
ing accuracy and robustness. As Wi-Fi systems evolved toward multi-carrier and
multi-antenna architectures, research attention shifted toward CSI, which provides
fine-grained amplitude and phase measurements across subcarriers and antenna
pairs. CSI-based sensing has since enabled a wide range of applications, including
human activity and gesture recognition[39]-[40], respiration monitoring[32], local-
ization[41], and health sensing[42]-[43]. Representative systems such as WiAR[44]
demonstrated the ability to recognize complex human activities using CSI mea-
surements extracted from IEEE 802.11n devices. Similarly, SignFi[45] leveraged
CSI phase information to perform fine-grained gesture recognition. These works
established CSI as a powerful sensing primitive due to its sensitivity to multipath
dynamics.

Despite their success, CSI-based approaches suffer from fundamental practical limi-
tations. CSI is computed at the physical layer and is not exposed by standard Wi-Fi
interfaces. Consequently, most existing systems require firmware modifications or
specialized extraction tools[46],[47], such as Linux CSI[23], Atheros CSI[48], Nexmon
CSI[49], or AX-CSI[50]. These tools are hardware-specific, difficult to maintain, and
often restricted to single-user MIMO operation, thereby preventing exploitation of
multi-user spatial diversity. Furthermore, CSI extraction introduces additional pro-
cessing overhead and energy consumption, limiting scalability in real-world deploy-
ments. To address environmental and subject variability, several works introduced
learning-based generalization mechanisms. Widar 3.0[51] proposed a body velocity
profile derived from CSI Doppler shifts to improve robustness across environments.
OneFi[40] employed one-shot learning to recognize unseen gestures with minimal
labeled Wi-Fi CSI data. Transfer learning–based systems such as Wi-Transfer[52]
further demonstrated improved adaptability across sensing domains. However, these
approaches still fundamentally rely on CSI extraction and remain constrained by its
hardware and scalability limitations.
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More recently, sensing approaches leveraging IEEE 802.11ac CSI have emerged. For
example, SHARP[39] is an environment- and person-independent activity recog-
nition framework that uses commercial WiFi devices. It utilized micro-Doppler
signatures extracted from CSI to enhance domain generalization, while ReWiS[46]
exploited spatial diversity by combining CSI from multiple receivers. Although
these systems improved sensing robustness, they still require firmware-level access
and cannot naturally support multi-user MIMO channel observations. An emerging
alternative within communication-aided sensing is the use of beamforming feedback
information (BFI), which is exchanged during standard Wi-Fi channel sounding
procedures. Unlike CSI, BFI is transmitted over the air in compliance with IEEE
802.11 standards and can be captured without firmware modification. Recent studies
have explored reconstructing BFI from compressed beamforming feedback to enable
sensing tasks such as localization[53], respiration monitoring, and passive track-
ing[54]. For example, Bi-Directional Beamforming for WiFi Sensing, Respiratory
Rate Monitoring Using WiFi Beamforming Feedback, and Device-Free Localization
and Activity Recognition Using WiFi Beamforming Information demonstrated that
BFI retains meaningful spatial and temporal information for sensing. However, most
existing BFI-based systems reconstruct full channel matrices from compressed feed-
back, introducing additional computational complexity and latency. In contrast, the
BeamSense[25] framework demonstrates that sensing can be directly performed on
compressed beamforming feedback angles (BFAs), eliminating reconstruction over-
head while simultaneously capturing spatially diverse channels from multiple users in
mu-MIMO transmissions. This transition from CSI-centric to feedback-centric sens-
ing marks a significant step toward scalable, standard-compliant communication-
aided sensing.

Overall, prior work in communication-aided sensing has firmly established the feasi-
bility of leveraging Wi-Fi communication signals for environmental perception. At
the same time, the limitations of both BFI and CSI-based methods motivate the
development of new sensing frameworks that align more closely with modern Wi-Fi
standards—an evolution that directly informs the design philosophy adopted in this
thesis. See Table 2.2 for a complete overview and a comprehensive comparison of
communication aided sensing related previous works.

2.2.2 Sensing-Aided Communication

While communication-aided sensing exploits communication signals to infer environ-
mental dynamics, sensing-aided communication adopts the reverse perspective by
using sensed channel structure to enhance communication efficiency and reliability.
In this paradigm, the wireless channel is treated not merely as an unknown impair-
ment to be estimated, but as a structured physical object whose properties—such
as sparsity, correlation, and temporal consistency—can be sensed and exploited to
reduce overhead and improve link performance.
Early work in this direction focused on model-based channel inference, where physi-
cal properties of wireless propagation were explicitly leveraged to reduce estimation
and feedback costs. In particular, compressed sensing–based channel estimation ex-
ploited sparsity in the delay and angular domains to reconstruct channels from a
reduced number of pilots[55]. While this approach ensures accurate channel state
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acquisition, it introduces non-negligible airtime overhead that grows with the num-
ber of antennas, users, and operating bandwidth[56],[57]. As a result, the practical
throughput gains of mu-MIMO often fall short of theoretical expectations.
To overcome these limitations, recent research has shifted toward learning-based
sensing-aided communication, where channel estimation and feedback reduction are
formulated as data-driven inference problems. Instead of estimating channel coeffi-
cients independently on each subcarrier, neural models are trained to sense global
channel structure across frequency, space, and time, enabling reconstruction of high-
resolution CFR from sparse or compressed measurements. This line of work treats
channel reconstruction as a sensing task, where the goal is to infer the latent prop-
agation structure that generated the observed measurements.
A substantial body of work has investigated learning-based feedback compression
techniques. Neural autoencoder architectures[58] have been proposed to compress
estimated channel state information at the receiver and reconstruct it at the trans-
mitter, thereby reducing feedback size while preserving precoding accuracy. Exten-
sions of this idea[59] incorporate side information from the Wi-Fi protocol stack
to enable online training and protocol-compatible compression. Other approaches
adopt split neural network designs[60], placing lightweight compression modules at
the receiver and more complex reconstruction models at the transmitter to reduce
computational burden. Adaptive quantization schemes[61] have also been explored
to dynamically trade off feedback precision against overhead. Despite their effec-
tiveness in reducing control bits, these methods largely treat channel compression
as a static encoding problem and remain agnostic to temporal channel dynamics.
In parallel, a smaller set of works has examined sounding rate adaptation, where
the system decides when channel updates are necessary based on coarse channel
statistics or throughput estimates. Representative approaches[62] trigger sounding
when channel variance exceeds predefined thresholds or when estimated throughput
degrades. These strategies rely on indirect indicators of channel quality and have
primarily been evaluated through simulations, emulation platforms, or software-
defined radios rather than commodity Wi-Fi hardware.
More recent efforts have highlighted the benefits of directly sensing channel evo-
lution to guide sounding decisions. By leveraging instantaneous channel estimates
derived from training packets and recent reception outcomes, these approaches en-
able more fine-grained and responsive adaptation to channel dynamics[56],[63]. A
representative example is SHRINK[64], which senses short-term channel evolution
at the station to adapt sounding behavior on commodity IEEE 802.11 devices. This
sensing-driven view of channel sounding demonstrates that channel feedback over-
head can be reduced not only by compressing feedback, but also by exploiting the
intrinsic temporal structure of wireless channels.
Complementary to feedback reduction in the time domain, recent work has explored
sensing-driven channel inference across frequency bands. These approaches[65], [66],
[67] observe that channels measured at different frequency bands exhibit strong
structural correlations due to shared propagation paths. Another work BandWeave[68]
exemplifies this direction by leveraging cross-band structural correlations to recon-
struct high-resolution channel representations from sparse multi-band observations.
By learning these correlations, it becomes possible to infer high-resolution channel
information in one band using sparse or partial measurements from another. This
multi-band sensing perspective re-frames channel estimation as an inference prob-
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lem over latent propagation structure rather than an isolated per-band estimation
task. Such methods are particularly relevant in modern Wi-Fi systems operating
over fragmented spectrum, where sensing-assisted reconstruction can significantly
reduce pilot and feedback overhead.
Building on this insight, the sensing-aided communication paradigm adopted in this
thesis goes beyond adjusting sounding frequency or compressing raw feedback. In-
stead, it leverages learned structural patterns in the channel frequency response to
reconstruct high-resolution channel representations from sparse or imperfect mea-
surements. This perspective treats channel reconstruction itself as a sensing prob-
lem—inferring latent propagation characteristics rather than explicitly reporting
full channel state—thereby enabling more scalable and efficient feedback mecha-
nisms suited for next-generation Wi-Fi systems operating over wide and fragmented
spectrum. See Table 2.3 for a comprehensive overview and comparison of sensing
aided communication related prior works.

2.2.3 Discussion and Research Gap

Taken together, existing work demonstrates the strong potential of using channel
measurements for both sensing and communication enhancement. However, the
two research directions have largely evolved in parallel, with limited integration be-
tween them. Communication-aided sensing systems often prioritize sensing accuracy
without considering communication constraints, while sensing-aided communication
approaches focus on link performance without exploiting the rich temporal dynamics
induced by physical motion.
This separation motivates a unified perspective in which sensing and communication
are treated as mutually reinforcing processes. By jointly considering the temporal
evolution, structural properties, and physical interpretability of CFR measurements,
it becomes possible to design ISAC frameworks that are both efficient and robust.
Such a perspective forms the foundation for the approaches developed in this thesis,
which aim to bridge the gap between communication-aided sensing and sensing-aided
communication within practical Wi-Fi systems.
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Table 2.2: Overview of the communication aided sensing related works

Work Wi-Fi
Primi-
tive

Target Applica-
tion

Core Methodology Key Limitations

Hsieh et al. RSSI Device-free sens-
ing

Statistical RSSI varia-
tion analysis

Coarse granular-
ity, low robustness

Wang et al. RSSI Crowd estimation RSSI fluctuation
modeling

Sensitive to inter-
ference

Depatla et al. RSSI Crowd counting RSSI-based spatial
modeling

Poor scalability

Singh et al. RSSI Activity recogni-
tion

Machine learning on
RSSI

Limited spatial
resolution

WiAR CSI Human activity
recognition

CNN on CSI ampli-
tude

Environment de-
pendent

SignFi CSI Gesture recogni-
tion

CSI phase exploita-
tion

Sensitive to phase
noise

Widar 3.0 CSI Cross-domain ac-
tivity recognition

Doppler-based body
velocity profile

Limited motion
diversity

OneFi CSI One-shot gesture
recognition

Meta-learning Requires CSI ex-
traction

Wi-Transfer CSI Domain adapta-
tion

Transfer learning High data depen-
dency

SHARP CSI Environment-
independent
sensing

Micro-Doppler fea-
tures

Firmware-level
CSI access

ReWiS CSI Multi-receiver
sensing

Spatial CSI fusion Increased system
complexity

Wu et al. BFI Localization BFI reconstruction +
learning

Reconstruction
overhead

Liu et al. BFI Respiration moni-
toring

Beamforming feed-
back analysis

Limited scalability

BeamSense BFA Multi-user sens-
ing

Direct learning on
BFAs

Feedback resolu-
tion trade-off

PULSE
(Proposed)

CFR Multi-user do-
main adaptive
sensing

Learning CFR rep-
resentation with
temporal evolution

28



Table 2.3: Overview of Sensing-Aided Communication Related Works

Work System Objective Core Methodology Key Limitations

Zhu et al. mmWave
MIMO-
OFDM

Channel struc-
ture inference

Gridless compressed
sensing for de-
lay/angle estimation

Strong sparsity
assumptions, high
sensitivity to noise

Wen et al. MIMO-
OFDM

Multipath pa-
rameter sensing

Multi-way compres-
sive sensing exploiting
tensor structure

Limited robust-
ness in dynamic
environments

CsiNet Massive
MIMO /
Wi-Fi-like

CSI feedback
compression

CNN-based au-
toencoder sensing
spatial-frequency
correlations

Static encoding,
limited temporal
awareness

LB-SciFi IEEE
802.11ac

Feedback over-
head reduction

Online learning-based
CSI compression us-
ing protocol side in-
formation

Requires continu-
ous retraining

SplitBeam IEEE
802.11ac

Beamforming
efficiency

Split neural inference
across STA and AP

Increased system
complexity

AIML-
Quantization

Wi-Fi MU-
MIMO

Feedback preci-
sion control

Adaptive ML-based
quantization of feed-
back

No explicit chan-
nel dynamics
modeling

MUTE IEEE
802.11n/ac

Sounding rate
sensing

Trigger sounding
via channel variance
thresholds

Coarse sensing in-
dicators

Ma et al. IEEE
802.11ac

Throughput-
aware sounding

Sounding triggered
by sensed throughput
degradation

Indirect channel
awareness

SHRINK IEEE
802.11ac
(COTS)

Temporal chan-
nel evolution
sensing

Data-driven sensing of
short-term CFR dy-
namics at STA

Focused on rate
adaptation only

Li et al. Multi-band
Wi-Fi

Cross-band
channel infer-
ence

Frequency-domain
splicing for ranging

Limited general-
ization

Tian et al. Multi-band
OFDM

Super-
resolution
sensing

Multi-band ToF fu-
sion

Application-
specific

mmSplicer mmWave
multi-band

Channel recon-
struction

Experimental multi-
band channel splicing

Hardware-
intensive

BandWeave Wi-Fi multi-
band MIMO

Structural
channel sensing

Learning-based fusion
of multi-band CFR
structure

Requires multi-
band availability

ELF (Pro-
posed

IEEE
802.11ac/ax

Low-overhead
channel feed-
back

Embedding-guided
subchannel sensing
and selective feed-
back of representa-
tive embeddings

Performance
tied to embed-
ding quality
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Chapter 3

PULSE: Communication-Aided
Sensing

This chapter contains the complete design, methodology, and evaluation of PULSE
, the proposed communication-aidedWi-Fi sensing framework. It begins by outlining
the practical challenges that motivate PULSE , then details the end-to-end system
pipeline—including temporal feature extraction from CFR, lightweight embedding
and activity learning, and few-shot adaptation for domain generalization. The chap-
ter concludes with a thorough experimental study on the BeamSense dataset, bench-
marking sensing accuracy, cross-domain robustness, and computational efficiency
against state-of-the-art baselines before presenting the final performance insights.

3.1 Challenges and Motivation

As discussed in the previous chapters, Wireless sensing has emerged as a promising
paradigm for enabling non-intrusive and privacy-preserving perception of human
activity and environmental dynamics. Unlike vision- or wearable-based sensing sys-
tems, wireless sensing leverages existing RF signals and infrastructure, allowing
sensing to be performed without requiring the subject to carry devices or remain
within line-of-sight of dedicated sensors. In Wi-Fi systems, sensing is typically
achieved by observing variations in the wireless channel caused by human motion
and interaction with the environment. These variations manifest through changes
in multipath propagation, where reflections, scattering, and attenuation alter the
channel response over time. Despite its strong potential, practical Wi-Fi sensing
faces several fundamental challenges that limit its deployment in real-world sys-
tems—especially on resource-constrained edge devices. These challenges are tightly
connected to how channel information is represented, processed, and learned.

3.1.1 High-Dimensional Channel Measurements and Edge
Constraints

Modern Wi-Fi sensing relies heavily on CFR or CSI, which are inherently high-
dimensional. A single Wi-Fi packet may contain channel measurements across hun-
dreds of subcarriers and multiple antenna pairs. When collected over time, these
measurements form large tensors that must be processed at fine temporal granular-
ity to capture dynamic human activity.
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This high dimensionality poses a major obstacle for real-time sensing on edge de-
vices. Embedded platforms and commodity access points have limited computation
capability, memory, and energy budgets. Processing raw CFR tensors using deep
neural networks—particularly convolutional or attention-based models—can quickly
become impractical. As a result, many existing systems either offload computation
to powerful servers or aggressively reduce model complexity, often at the cost of
sensing accuracy and robustness.

3.1.2 Limitations of Lightweight Wi-Fi Sensing Models

To address edge constraints, several lightweight Wi-Fi sensing models have been
proposed. These approaches typically reduce overhead by simplifying the input rep-
resentation, discarding parts of the channel information, or compressing features
through heuristic selection. While such strategies lower computational cost, they
often suffer from degraded reliability, especially in dynamic environments.

In practice, subtle human activities—such as low-mobility gestures, fine-grained
motions, or slow gait patterns—produce weak perturbations in the channel that
are easily masked when aggressive dimensionality reduction is applied. As a result,
lightweight models may fail to distinguish between classes that differ primarily in
temporal dynamics rather than spatial magnitude. This trade-off between efficiency
and discriminability remains a central challenge in Wi-Fi sensing. Even recent ap-
proaches that aim to preserve discriminative power through adaptive subchannel
selection or attention mechanisms often still rely on the full CFR as input and em-
ploy computationally expensive modules such as deep Convolutional Neural Network
(CNN) stacks or spatial attention blocks. While effective in controlled settings, these
designs remain ill-suited for deployment on low-power edge devices and do not fully
resolve the efficiency–robustness tension.

3.1.3 Sensitivity to Environment and Motion Diversity

Another major challenge in Wi-Fi sensing is environment dependence. The wire-
less channel is highly sensitive to room geometry, furniture placement, building
materials, and antenna configuration. As a result, sensing models trained in one
environment often exhibit significant performance degradation when deployed in a
new space or with different users.

This issue is exacerbated by the fact that many models implicitly rely on environment-
specific spatial patterns in the CFR. When these patterns change, the learned rep-
resentations no longer align with the sensing task. Some works attempt to mitigate
this problem using phase sanitization, Doppler-based features, or domain adapta-
tion techniques. While these approaches improve robustness to some extent, they
often focus on specific types of motion or require complex preprocessing pipelines
that increase computational overhead. Moreover, human activities exhibit diverse
mobility characteristics. High-mobility activities generate strong and rapid channel
variations that are easier to detect, whereas low-mobility activities induce smoother
and more subtle temporal changes. Many sensing systems are biased toward high-
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mobility classes and struggle to maintain accuracy across a broad range of motion
dynamics.

3.1.4 Underutilization of Temporal Channel Structure

A key observation motivating this work is that most Wi-Fi sensing approaches treat
CFR primarily as a spatial–frequency object, emphasizing per-packet channel snap-
shots or spectrogram-like representations. While effective in some scenarios, this
perspective underutilizes the rich temporal structure inherent in wireless channels.
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Figure 3.1: Temporal evolution of CFR for different classes of activities.

From a physical standpoint, human motion primarily affects how the channel evolves
over time rather than instantaneously reshaping its full spatial structure. Temporal
consistency, smooth transitions, abrupt fluctuations, and short-term stability pat-
terns all carry meaningful information about activity type and intensity. However,
when CFR is processed as a sequence of high-dimensional frames, these temporal
signatures are often obscured by noise, redundant features, and heavy model archi-
tectures. This mismatch between the physical origin of sensing information and the
way it is represented in learning models motivates a reevaluation of how temporal
dynamics should be captured and exploited in Wi-Fi sensing.

3.1.5 Motivation for a Physics-Aware, Temporal-First Per-
spective

The challenges discussed above highlight a central gap in existing Wi-Fi sensing sys-
tems: the lack of representations that are simultaneously lightweight, discriminative,
interpretable, and robust across environments. Addressing this gap requires moving
away from brute-force processing of raw CFR tensors and toward representations
that align more closely with the physics of wireless propagation.
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In particular, if sensing-relevant information can be captured through a compact
set of physics-aware temporal descriptors—reflecting how the channel evolves rather
than its full instantaneous structure—then it becomes possible to significantly re-
duce input dimensionality and computational cost without sacrificing accuracy. Such
a representation would naturally support edge deployment, improve robustness to
environment changes, and enable efficient learning of discriminative patterns across
diverse sensing tasks. This motivation directly leads to the design philosophy of
PULSE , introduced in the following sections. PULSE is built on the premise that
the temporal evolution of the wireless channel encodes sufficient and transferable
information for sensing, and that extracting and learning from this temporal struc-
ture provides a principled solution to the efficiency, robustness, and generalization
challenges identified in earlier chapters.

3.2 PULSE System Overview

In IEEE 802.11ac and IEEE 802.11ax Wi-Fi systems, channel knowledge at the
transmitter is obtained through a standardized channel sounding procedure. Dur-
ing this process, the multi-antenna transmitter, referred to as the beamformer, pe-
riodically transmits NDP frames that contain known LTF. Each receiving device,
known as the beamformee, uses these training fields to estimate the CFR, denoted as
H∈CK×M×N , where K represents the number of subcarriers, and M and N denote
the numbers of transmit and receive antennas, respectively. The estimated CFR
characterizes the frequency-selective propagation between each transmit–receive an-
tenna pair. After quantization, this information is fed back to the beamformer and
is primarily used for precoding and beamforming in communication.

Beyond its traditional role in communication, the CFR inherently encodes rich in-
formation about the surrounding physical environment. Variations in multipath
propagation caused by human motion, object interaction, and environmental dy-
namics manifest as structured changes in the CFR over time. As discussed in earlier
chapters, these temporal variations are not arbitrary; rather, they reflect the un-
derlying physical processes governing wireless signal propagation. Consequently,
continuous CFR streams collected during normal Wi-Fi operation provide a power-
ful sensing signal that can be reused without introducing additional sensing-specific
transmissions.

In this thesis, CFR streams obtained through standard Wi-Fi channel sounding serve
as the raw input for communication-aided sensing. Building on this observation,
we propose PULSE , a framework that transforms raw CFR measurements into
compact, physically interpretable temporal embeddings that enable efficient and
adaptive wireless sensing. Instead of operating directly on high-dimensional CFR
matrices—whose size scales with bandwidth and antenna count—PULSE focuses
on modeling how the wireless channel evolves over time. This temporal perspective
provides a representation that is both more robust to environmental variability and
substantially more efficient for real-time inference on resource-constrained devices.
Figure 3.2 illustrates the overall architecture of the PULSE framework. It consists
of three sequential stages. First, temporal features are extracted from CFR streams
to capture motion-induced channel dynamics in a compact and physically meaning-
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Figure 3.2: System Overview of the Proposed PULSE Wireless Sensing Framework

ful form. Second, these temporal features are mapped into a low-dimensional latent
embedding space using a lightweight one-dimensional convolutional neural network
(1D CNN), which jointly learns discriminative representations and performs activity
inference. Finally, a few-shot domain adaptation mechanism is employed to improve
robustness and generalization across unseen environments and subjects, enabling re-
liable sensing with minimal labeled data.

The following subsections describe each of these stages in detail, highlighting the de-
sign choices that allow PULSE to achieve high sensing accuracy while maintaining
low computational complexity and strong cross-domain generalization.

3.2.1 Temporal Feature Extraction from CFR

The first stage of PULSE transforms raw Wi-Fi Channel Frequency Response
(CFR) measurements into a compact set of temporally structured descriptors that
characterize how the wireless channel evolves over time. This stage is essential
because raw CFR measurements are (i) high-dimensional across subcarriers and
antenna pairs, and (ii) heavily affected by hardware-induced distortions such as
carrier frequency offset (CFO), sampling frequency offset (SFO), phase noise, and
clock drift. These impairments often dominate the raw signal and can obscure the
comparatively subtle motion-induced variations that are relevant for sensing.
Rather than attempting to reconstruct or sanitize the full channel, PULSE adopts
a structure-aware strategy: it extracts simple, interpretable, and stable temporal
statistics that preserve motion-driven channel dynamics while significantly reducing
dimensionality and sensitivity to device artifacts. This design is consistent with
both practical Wi-Fi constraints and the lightweight implementation of the PULSE
system.
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CFR Acquisition and Representation

Wi-Fi channel sounding provides an estimate of the complex CFR

H(t) ∈ CK×M×N , t = 1, . . . , T, (3.1)

where K is the number of OFDM subcarriers, M and N are the numbers of transmit
and receive antennas, and t indexes packet-level sounding instances. For sensing,
PULSE operates on a temporal stream of CFR snapshots rather than treating each
snapshot independently.
To ensure robustness across commodity hardware platforms, PULSE aggregates
CFR measurements across antenna pairs prior to temporal analysis. For each sub-
carrier k, aggregated magnitude and phase traces are computed as

Ak(t) = Aggm,n(|Hk,m,n(t)|) , Φk(t) = Aggm,n(∠Hk,m,n(t)) , (3.2)

where Agg(·) denotes a lightweight aggregation operator (mean in the implementa-
tion).
To mitigate phase wrapping, phase sequences are unwrapped along the temporal
dimension:

Φ̃k(t) = unwrap(Φk(t)) . (3.3)

Importantly, PULSE focuses on temporal statistics and variations of phase rather
than absolute phase values, which are known to be unstable on commodity Wi-Fi
devices.

Subchannel Grouping

Raw CFR consists of F subchannels, many of which are strongly correlated due
to shared multipath components. To reduce redundancy and computational cost,
PULSE partitions the subchannel into G contiguous frequency bands

{Kg}Gg=1,
G⋃

g=1

Kg = {1, . . . , K}, (3.4)

with |Kg| ≈ K/G.
Band grouping provides dimensionality reduction while averaging out narrowband
fading effects, allowing motion-induced trends that span multiple subcarriers to
remain visible. The number of bands G controls the trade-off between frequency
resolution and computational efficiency.

Temporal Statistical Descriptors

For each band g and time index t, PULSE computes a set of lightweight temporal
statistics that summarize both instantaneous frequency-domain behavior and short-
term temporal evolution. Let

Ag(t) = {Ak(t)}k∈Kg , Φg(t) = {Φ̃k(t)}k∈Kg . (3.5)
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Magnitude distribution descriptors.

f1,g(t) = mean
(
Ag(t)

)
, (3.6)

f2,g(t) = std
(
Ag(t)

)
, (3.7)

f3,g(t) = median
(
Ag(t)

)
, (3.8)

f4,g(t) = p75
(
Ag(t)

)
− p25

(
Ag(t)

)
. (3.9)

Temporal magnitude variation.

f5,g(t) = f1,g(t)− f1,g(t− 1). (3.10)

Phase evolution descriptors.

f6,g(t) = mean
(
Φg(t)

)
, (3.11)

f7,g(t) = std
(
Φg(t)

)
, (3.12)

f8,g(t) = f6,g(t)− f6,g(t− 1). (3.13)

Energy descriptor.

f9,g(t) = log
(
ε+mean

(
Ag(t)

2
))

, (3.14)

where ε is a small constant for numerical stability.
For each band g, these statistics form the feature vector

fg(t) = [f1,g(t), . . . , f9,g(t)]
⊤ ∈ R9. (3.15)

Concatenating across all G bands yields

f(t) =
[
f1(t)

⊤, . . . , fG(t)
⊤]⊤ ∈ RC , C = 9G. (3.16)

Stacking over time produces the temporal feature matrix

F = [f(1), f(2), . . . , f(T )] ∈ RC×T . (3.17)

Temporal Windowing and Normalization

To generate learning samples, PULSE segments F into fixed-length temporal win-
dows. Let W denote the window length and S the stride. The i-th window is defined
as

Xi = F(:, (i− 1)S + 1 : (i− 1)S +W ) ∈ RC×W . (3.18)

Each window corresponds to a short temporal segment capturing localized motion
patterns.
Finally, per-channel normalization is applied using training-set statistics:

X̃i = (Xi − µ)⊘ σ, (3.19)

where µ,σ ∈ RC are the channel-wise mean and standard deviation.
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Output of Stage I. The output of this stage is a set of normalized temporal
windows

{X̃i}Ni=1, X̃i ∈ RC×W , (3.20)

which serve as input to the subsequent temporal embedding and classification mod-
ule of PULSE .

3.2.2 Feature Embedding and Activity Learning with 1D
CNN

After transforming raw CFR measurements into compact temporal feature repre-
sentations, the next stage of PULSE focuses on learning discriminative temporal
embeddings and performing activity inference. This stage is designed with a clear
emphasis on efficiency, robustness, and deployability, reflecting the real-world con-
straints of Wi-Fi sensing systems discussed in earlier chapters. Rather than relying
on deep or computationally intensive architectures, PULSE adopts a lightweight
one-dimensional convolutional neural network (1D CNN) that operates directly on
temporally structured features.

Design Rationale for Lightweight 1D CNNs

The choice of a 1D CNN backbone in PULSE is driven by both physical intuition
and practical considerations. Wireless sensing using CFR fundamentally involves
understanding how the channel evolves over time. Human motion, gestures, and
activities manifest as temporal patterns—such as smooth fluctuations, abrupt tran-
sients, or periodic variations—in the extracted temporal features. One-dimensional
convolutions along the temporal axis are therefore well-suited to capture such pat-
terns efficiently.
Compared to two-dimensional CNNs or Transformer-based architectures, 1D CNNs
offer several advantages for edge-level Wi-Fi sensing. First, they significantly reduce
computational complexity and memory usage, making them suitable for deployment
on resource-constrained devices such as embedded platforms and edge gateways.
Second, convolutional filters naturally act as local temporal pattern detectors, en-
abling the model to learn motion primitives without requiring long-range attention
mechanisms. Finally, 1D CNNs provide a favorable balance between expressiveness
and interpretability: the learned filters often correspond to physically meaningful
temporal variations in the channel, such as rapid phase changes or gradual amplitude
trends.
By coupling the CNN with temporally structured and dimension-reduced inputs
produced by the temporal feature extraction stage, PULSE avoids processing raw
high-dimensional CFR tensors. This design ensures that the learning model focuses
on sensing-relevant dynamics while maintaining low latency and energy consump-
tion.

Embedding Learning and Classification

Let X ∈ RN×C×W denote the set of temporal windows obtained after preprocessing,
where N is the number of samples, C is the number of temporal feature channels,
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and W is the window length. These inputs are normalized using statistics computed
exclusively from the training set to ensure consistent scaling across splits:

µ = meann,t(Xtrain), σ = stdn,t(Xtrain), (3.21)

and normalization is applied as X̃ = (X− µ)/σ.
To improve robustness against minor timing misalignments and channel noise, each
temporal window undergoes lightweight data augmentation during training. Specif-
ically, random circular time shifts are applied along the temporal axis, and small
Gaussian perturbations N (0, σ2

noise) are added to the feature values. These augmen-
tations preserve the underlying temporal structure while encouraging invariance to
phase drift, packet timing jitter, and minor environmental variations.
The normalized and augmented inputs are passed through a CNN encoder fθ(·),
which consists of a small number of temporal convolutional blocks with residual
connections, nonlinear activations, and dropout regularization. The encoder pro-
duces two outputs:

z,h = fθ(x̃), (3.22)

where h ∈ RD denotes a compact temporal embedding that captures high-level
channel dynamics, and z ∈ RM represents the class logits for M activity classes.
In this unified design, embedding learning and classification are performed jointly,
allowing the model to learn representations that are directly aligned with the sensing
task.

Training Objective and Regularization

The CNN is trained using supervised learning within each environment. By default,
PULSE employs the cross-entropy loss with optional label smoothing to reduce
overconfidence and improve generalization:

LCE = −
M∑
k=1

qk log pk, pk =
ezk∑
j e

zj
, (3.23)

where qk denotes the smoothed target distribution. For scenarios with class im-
balance or where hard-to-classify samples are critical, a focal loss variant can be
used:

LFocal =
(
1− e−CE(z,y)

)γ
CE(z, y), (3.24)

with focusing parameter γ > 0.
Regularization plays an important role in ensuring stable and transferable embed-
dings. Dropout layers within the CNN mitigate overfitting, while early stopping
based on validation loss prevents unnecessary model complexity. Training proceeds
until the validation performance stops improving for a predefined patience interval,
at which point the best-performing model parameters are restored for evaluation.
Through this temporal embedding and learning strategy, PULSE produces com-
pact, discriminative, and physically meaningful representations of CFR dynamics.
These embeddings form the foundation for the subsequent few-shot adaptation
mechanism, enabling robust sensing performance across environments with mini-
mal additional data.
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3.2.3 Few-Shot Adaptation for Domain Generalization

A central challenge in Wi-Fi sensing systems is their limited ability to generalize
across environments, subjects, and deployment conditions. Wireless channels are
highly sensitive to physical context: small changes in room geometry, furniture
placement, device orientation, or human motion patterns can significantly alter the
observed channel frequency response. As a result, models trained in one environ-
ment often experience noticeable performance degradation when applied to unseen
environments or new users. Retraining a sensing model from scratch for every de-
ployment is impractical, as it requires collecting large labeled datasets and incurs
substantial computational cost.
To address this challenge, PULSE adopts a few-shot adaptation strategy that en-
ables efficient and stable transfer from a source environment to a target environment
using only a small amount of labeled data. Rather than relearning the sensing model
entirely, PULSE focuses on learning transferable temporal embeddings that capture
domain-invariant channel dynamics. These embeddings can then be adapted to
a new domain using simple, non-parametric mechanisms, avoiding overfitting and
reducing adaptation overhead.
The few-shot adaptation mechanism in PULSE consists of three tightly coupled
components: source-domain pretraining with contrastive supervision, prototype-
based inference in the target domain, and adaptive normalization to compensate for
distribution shift across environments.

Source-Domain Pretraining

The first step toward robust domain generalization is to learn a feature represen-
tation that is discriminative for sensing tasks while remaining resilient to environ-
mental variation. To this end, PULSE performs source-domain pretraining using
a lightweight temporal encoder based on a 1D convolutional neural network. The
encoder processes normalized temporal windows x̃ ∈ RC×W , extracted from CFR
streams as described in the previous sections, and maps them into a compact latent
embedding space:

e = fθ(x̃), e ∈ RD, (3.25)

where D denotes the embedding dimension and fθ(·) represents the encoder network
parameterized by θ.
Rather than training the encoder solely with a standard classification loss, PULSE
employs a joint training objective that combines cross-entropy loss with supervised
contrastive learning. The motivation for this design is twofold. First, cross-entropy
loss encourages embeddings to be separable at the class level, ensuring good clas-
sification performance in the source environment. Second, supervised contrastive
loss explicitly structures the embedding space by pulling samples of the same class
closer together while pushing samples of different classes farther apart. This geo-
metric organization of the embedding space improves robustness to domain shifts,
as class-related structure is preserved even when absolute channel characteristics
change.
The total pretraining objective is given by:

Lpre = LCE + λsc LSupCon, (3.26)
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where λsc balances the contribution of the supervised contrastive term. The super-
vised contrastive loss is defined as

LSupCon = − 1

|I|
∑
i∈I

1

|P(i)|
∑

p∈P(i)

log
exp
(
⟨zi, zp⟩/τ

)∑
a∈A(i) exp

(
⟨zi, za⟩/τ

) , (3.27)

where z denotes the ℓ2-normalized projection of e, P(i) is the set of positive samples
sharing the same label as sample i, A(i) denotes all samples in the batch except i,
and τ is a temperature parameter controlling the sharpness of similarity weighting.
By optimizing this objective, the encoder learns embeddings that reflect intrinsic
temporal patterns associated with sensing classes rather than environment-specific
artifacts. Importantly, this pretraining stage is performed only once on a source do-
main, after which the encoder parameters are fixed for deployment and adaptation.

Prototype-Based Few-Shot Inference

Once the encoder is pretrained, PULSE performs domain adaptation in a new
target environment using a small number of labeled samples per class. This setting
is referred to as K-shot adaptation, where only K labeled examples are available
for each sensing class. The target-domain data are divided into a support set S
and a query set Q. The support set contains the limited labeled samples used for
adaptation, while the query set is used for evaluation.
Instead of fine-tuning the encoder with backpropagation—which can be unstable
with very limited data—PULSE adopts a prototype-based classification strategy.
Each support sample is passed through the pretrained encoder to obtain its em-
bedding. For each class c, a class prototype Pc is computed as the mean of the
embeddings belonging to that class:

Pc =

(
1

|Sc|
∑

(x,y)∈Sc
e(x)

)
∥∥∥ 1
|Sc|
∑

(x,y)∈Sc
e(x)

∥∥∥
2

. (3.28)

These prototypes serve as compact class representatives in the embedding space. A
query sample xq is classified by comparing its embedding to each class prototype
using cosine similarity:

ŷ(xq) = argmax
c

〈 e(xq)

∥e(xq)∥2
, Pc

〉
. (3.29)

This non-parametric inference mechanism has several advantages in the context of
Wi-Fi sensing. First, it avoids overfitting, as no additional model parameters are
learned during adaptation. Second, it is computationally efficient and suitable for
edge deployment. Third, it naturally supports rapid adaptation when only a few
labeled samples are available, making it practical for real-world deployments where
collecting extensive labeled data is infeasible.

Normalization Adaptation Across Domains

In addition to differences in channel dynamics, domain shifts often manifest as
changes in signal scale and statistical distribution due to hardware imperfections,
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calibration differences, or environmental attenuation. To mitigate this effect, PULSE
incorporates an adaptive normalization strategy during few-shot adaptation.
Let (µsrc,σsrc) denote the normalization statistics computed from the source-domain
training data, and (µsup,σsup) denote statistics computed from the target-domain
support set. Rather than relying exclusively on either set of statistics, PULSE
blends them using a convex combination:

µ = (1− β)µsrc + βµsup, σ = (1− β)σsrc + βσsup, (3.30)

where β ∈ [0, 1] controls the degree of adaptation. A small β emphasizes stability by
favoring source-domain statistics, while a larger β allows the model to better align
with target-domain characteristics.
This normalization adaptation step plays a crucial role in stabilizing embeddings
across domains. By aligning feature distributions before embedding extraction,
PULSE reduces the impact of domain-dependent amplitude scaling and improves
the reliability of prototype-based inference.

In summary, the few-shot adaptation mechanism in PULSE enables robust cross-
domain sensing by combining contrastively pretrained temporal embeddings, lightweight
prototype-based inference, and adaptive normalization. Together, these components
allow PULSE to generalize effectively across environments and subjects using only
a few seconds of labeled data, making it well-suited for practical Wi-Fi sensing
deployments.

3.3 Experimental Dataset and Evaluation Bench-

mark

To rigorously evaluate the effectiveness, robustness, and deployability of the pro-
posed PULSE framework, this thesis relies on a large-scale, real-world Wi-Fi sens-
ing dataset rather than a controlled or synthetic collection. All experimental re-
sults presented in this chapter are obtained using the publicly available BeamSense
dataset [25]. This dataset is specifically designed to support research on Wi-Fi-based
sensing under realistic indoor conditions and therefore serves as a strong benchmark
for validating the compatibility and practical relevance of PULSE .

The primary motivation for using the BeamSense dataset is twofold. First, it pro-
vides raw Wi-Fi channel measurements captured using commodity hardware operat-
ing under standard IEEE 802.11ac procedures, which closely aligns with the design
assumptions of PULSE . Second, the dataset spans multiple environments, activ-
ities, and spatial viewpoints, making it well suited for evaluating temporal feature
extraction and cross-domain generalization—two central objectives of the proposed
framework.

3.3.1 Dataset Collection Setup

The BeamSense dataset was collected in three distinct indoor environments: a
kitchen, a living room, and a classroom. These environments differ significantly
in layout, size, furniture density, and surface materials, leading to diverse multipath

41



propagation characteristics. Such diversity is essential for evaluating sensing frame-
works intended for real-world deployment, where environmental conditions cannot
be controlled or standardized. In each environment, three spatially separated Wi-Fi
stations (STAs), denoted as STA1, STA2, and STA3, were deployed at different lo-
cations. This multi-STA setup introduces spatial diversity in channel observations,
allowing the dataset to capture how the same activity manifests differently across
multiple viewpoints. Importantly, each STA operates independently and captures
its own channel measurements, enabling evaluation of sensing performance under
both single-point and spatially diverse observations.

The data collection follows the IEEE 802.11ac mu-MIMO standard. The system
operates on channel 153 at a center frequency of 5.77GHz with an 80MHz band-
width. Channel measurements were obtained using modified Nexmon-enabled net-
work interface cards, which expose Channel Frequency Response (CFR) information
at the receiver. For each received frame, the CFR spans 242 subcarriers and cap-
tures the complex channel response of a 1 × 1 MIMO link, forming a tensor of
size 1× 1× 242. While the antenna configuration is simple, the wide bandwidth en-
sures rich frequency selectivity and sufficient temporal resolution to observe motion-
induced channel dynamics.

3.3.2 Sensing Tasks and Activity Diversity

The dataset contains CFR recordings for twenty distinct human activities, cover-
ing a broad spectrum of motion dynamics. These activities include both highly
dynamic motions, such as jogging, walking, boxing, and hand waving, as well as
low-mobility or quasi-static activities, such as reading a book, browsing a laptop,
writing, and standing. Additional fine-grained activities, including brushing teeth,
checking a wristwatch, phone calls, and drinking, further increase the challenge by
introducing subtle motion patterns that are easily masked by noise or multipath
variations. Each activity was recorded for approximately 300 seconds per session,
resulting in long continuous CFR traces. This extended duration enables temporal
modeling over multiple time scales and allows the evaluation of both short-term
discriminability and long-term stability. From the perspective of PULSE , this is
particularly important because the framework focuses on extracting physics-aware
temporal descriptors that capture how the channel evolves rather than relying on
instantaneous CFR snapshots.

3.3.3 Relevance to PULSE Validation

The BeamSense dataset is well aligned with the goals of PULSE for several rea-
sons. First, it provides access to raw CFR streams rather than preprocessed fea-
tures, allowing PULSE to operate directly on channel measurements and validate
its temporal feature extraction pipeline. Second, the presence of multiple environ-
ments and spatially separated STAs enables systematic evaluation of cross-domain
generalization, where models trained in one environment are tested or adapted to an-
other. This directly supports the few-shot adaptation strategy proposed in PULSE
. Moreover, the dataset reflects realistic challenges encountered in Wi-Fi sensing,
including device noise, multipath variability, and protocol-driven sampling irregu-
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larities. By validating PULSE on such a dataset, the experiments demonstrate
not only accuracy under ideal conditions, but also robustness under practical con-
straints. Importantly, BeamSense has been used in prior state-of-the-art sensing
systems, making it a recognized and credible benchmark within the community.

3.3.4 Baseline Methods for Comparison

To contextualize the performance of PULSE , comparisons are conducted against
several representative sensing frameworks that operate on Wi-Fi channel measure-
ments. These include BeamSense [25], which performs sensing using beamform-
ing feedback and supports few-shot adaptation; SignFi [45], a CFR-based gesture
recognition system that leverages phase information; and OneFi [40], a one-shot
learning framework designed for cross-domain gesture recognition. These baselines
collectively cover different design philosophies, ranging from raw CFR processing to
few-shot learning, and provide a meaningful reference for evaluating the benefits of
temporal modeling and lightweight embeddings in PULSE .

Overall, by leveraging the BeamSense dataset as a comprehensive experimental
benchmark, this thesis ensures that the proposed PULSE framework is validated
under realistic conditions and can be fairly compared against established Wi-Fi
sensing approaches.
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Chapter 4

ELF: Sensing-Aided
Communication

This chapter contains the complete design, system model, and evaluation of ELF ,
the proposed sensing-aided channel feedback framework for scalable wideband Wi-
Fi MIMO. It begins by identifying the key limitations of conventional channel esti-
mation and feedback—including feedback overhead growth, UE-side computational
burden, and redundancy-unaware reporting—then introduces the design philosophy
of ELF . The chapter subsequently presents the end-to-end ELF pipeline, detailing
UE-side normalization, latent projection, online representative subchannel selection,
and quantized feedback formation, followed by BS-side dequantization and full-band
CFR reconstruction. Finally, the chapter describes the standardized simulation en-
vironment and provides a comprehensive performance analysis, benchmarking BER,
feedback overhead reduction, and computational efficiency across bandwidths, an-
tenna configurations, and representative ratios.

4.1 Limitations of Conventional Channel Estima-

tion

As discussed in the previous chapters, channel estimation and feedback form the
backbone of multi-antenna wireless communication systems. In MIMO networks,
the transmitter relies on accurate channel state information to design precoding
matrices that spatially multiplex users and suppress interference. In Wi-Fi sys-
tems, this information is typically obtained through an explicit channel sounding
and feedback procedure defined in IEEE 802.11 standards, where the receiver esti-
mates the channel frequency response and reports a compressed version back to the
BS. While this framework has proven effective for earlier Wi-Fi generations with
small antenna configurations and moderate bandwidths, it encounters fundamental
limitations as Wi-Fi evolves toward large-scale MIMO and ultra-wideband opera-
tion, as introduced in IEEE 802.11ax and beyond. These limitations are not merely
implementation inefficiencies; rather, they reflect intrinsic scalability challenges in
how channels are estimated, compressed, and fed back in conventional systems. In
this section, we discuss these limitations in detail, focusing on feedback overhead
growth, computational burden, and the increasing mismatch between traditional
channel estimation pipelines and next-generation Wi-Fi requirements.
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4.1.1 Explosive Growth of Feedback Overhead with An-
tenna Count and Bandwidth

In conventional Wi-Fi explicit sounding, the receiver estimates the channel across
all OFDM subcarriers and antenna pairs. The resulting channel matrix is then com-
pressed using SVD and Givens rotation-based parameterization, producing a set of
quantized angles that describe the spatial characteristics of the channel. These an-
gles are fed back periodically to the transmitter in beamforming report frames. A
key limitation of this approach is that the feedback size grows rapidly as system
dimensions increase. Specifically, the amount of feedback scales quadratically with
the number of antennas and linearly with the transmission bandwidth. This means
that when either antenna pair added or bandwidth is increased, the feedback over-
head grows at a much faster rate than the achievable throughput gains promised by
MIMO theory.

This scaling behavior becomes particularly problematic in modern Wi-Fi systems.
For example, moving from a 2×2 MIMO configuration at 40 MHz to an 8×8 config-
uration at 160 MHz does not merely multiply the feedback size by a constant factor;
instead, the combined effect of increased antennas and bandwidth leads to feedback
payloads that are orders of magnitude larger. As demonstrated in recent experimen-
tal studies such as SHRINK, the feedback traffic in large MIMO Wi-Fi systems can
reach tens of megabits per second when sounding is performed at standard intervals.
In such scenarios, a non-negligible fraction of the available airtime is consumed solely
by control traffic, reducing the net throughput available for data transmission. More
importantly, this overhead grows faster than the spectral efficiency gains provided
by adding antennas. As a result, the theoretical benefits of large MIMO arrays
are increasingly offset by the cost of acquiring and maintaining accurate channel
knowledge, leading to diminishing returns in practical deployments.

4.1.2 High Computational Burden at the User-End

Beyond feedback size, conventional channel estimation places a significant compu-
tational burden on the UE, i.e. the receiver, which is typically a user device such as
a smartphone, laptop, or embedded wireless node. In the standard Wi-Fi feedback
pipeline, the receiver must estimate the full CFR, perform matrix decompositions,
compute multiple rotation angles, quantize them, and package the resulting infor-
mation into feedback frames—all within tight timing constraints. These operations
become increasingly expensive as antenna dimensions grow. Performing SVD or
equivalent matrix factorizations across many subcarriers requires substantial pro-
cessing power and memory bandwidth. When sounding is performed frequently, as
required in dynamic or mobile environments, this computation must be repeated at
millisecond-level intervals, further increasing the processing load. From a system
design perspective, this poses a serious challenge. User devices are constrained by
battery capacity, thermal limits, and real-time execution requirements. The compu-
tational cost of conventional channel feedback directly translates into higher energy
consumption and longer processing delays at the receiver[64]. Experimental observa-
tions show that even with aggressive feedback compression, receiver-side processing
remains a bottleneck, particularly for high-dimensional MIMO configurations.
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This situation is fundamentally misaligned with the design goals of modern wireless
networks, where complexity is expected to reside primarily at infrastructure nodes
such as BS, not at user devices.

4.1.3 Heavyweight Encoder–Decoder Assumptions in Learning-
Based Compression

In response to the growing feedback overhead, recent research has explored learning-
based channel compression techniques, often relying on autoencoder architectures to
reduce the size of the reported channel information. While these approaches demon-
strate promising compression performance in simulation, they introduce a new set
of limitations when examined from a system-level perspective. Most learning-based
schemes assume that the receiver runs a neural network encoder that processes the
entire channel matrix and produces a compact latent representation. This latent vec-
tor is then fed back to the transmitter, where a corresponding decoder reconstructs
the channel. Although this reduces the number of transmitted bits, it significantly
increases the computational demands on the receiver.

In practice, such neural encoders require real-time inference over all subcarriers
and antenna pairs, often involving multiple convolutional or fully connected layers.
This makes them difficult to deploy on commodity Wi-Fi devices, which lack the
specialized hardware acceleration available at infrastructure nodes. Additionally,
the tight coupling between encoder and decoder architectures complicates system
upgrades and model maintenance in real-world deployments. These heavyweight en-
coder–decoder designs effectively trade communication overhead for computational
overhead at the receiver, rather than eliminating inefficiency altogether. Conse-
quently, while learning-based compression reduces feedback size, it does so at the
cost of increased complexity, energy consumption, and reduced deployment feasibil-
ity.

4.1.4 Lack of Adaptivity and Redundancy Awareness

Another fundamental limitation of conventional channel estimation is its lack of
adaptivity to redundancy in the channel. Traditional feedback mechanisms treat all
subcarriers and antenna pairs as equally important, reporting channel information
uniformly across frequency and space. This design choice ignores the fact that real
wireless channels exhibit strong correlation across neighboring subcarriers and spa-
tial dimensions.

Practical experiments in prior literature show that many subcarriers carry highly re-
dundant information and contribute little to changes in communication performance.
Nevertheless, conventional feedback pipelines transmit updates for all subcarriers at
fixed intervals, regardless of whether the channel has meaningfully changed. This
results in unnecessary feedback traffic, i.e. communication overhead and inefficient
use of control bandwidth. The inability to selectively prioritize informative channel
components further exacerbates feedback overhead and limits scalability, especially
in wide-band systems. We argue that overhead can be reduced by feeding back only
the most informative subchannels. Our preliminary analysis as presented in Fig. 4.1
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Figure 4.1: Analysis of the latent embeddings of the CFR.

shows that when projected into a latent embedding space, subchannels form clusters
that reveal strong redundancy. This suggests that feeding back representatives from
these clusters can preserve essential channel characteristics while avoiding redundant
feedback.

4.2 ELF Design Philosophy

Taken together, these observations reveal a fundamental mismatch between conven-
tional channel estimation pipelines and the requirements of modern Wi-Fi MIMO
systems. The quadratic growth of feedback overhead, the heavy computational bur-
den on user devices, the impracticality of encoder-heavy learning-based solutions,
and the lack of redundancy awareness collectively limit the scalability and efficiency
of existing designs.

These limitations motivate a rethinking of channel estimation and feedback as a
system-level problem, rather than a purely signal processing task. Specifically, there
is a clear need for feedback mechanisms that reduce overhead without shifting ex-
cessive complexity to the receiver, and exploit redundancy in the channel. At the
core of ELF is the principle that wireless channels exhibit substantial structure and
redundancy across frequency, space, and time. Also that effective feedback mech-
anisms should exploit this structure rather than transmit full channel realizations.
Instead of attempting to faithfully reconstruct the entire channel at the UE side or
relying on complex encoders to compress it, ELF adopts a sensing-inspired view
in which the channel is treated as a latent object that can be selectively observed.
From this perspective, the objective of feedback is not to transmit all channel coeffi-
cients, but rather to convey a compact representation that preserves the information
most relevant for downstream communication tasks such as precoding and detection.

This viewpoint naturally shifts the computational burden away from the UE device
toward the BS, which is typically less constrained in terms of power, memory, and
processing capability. By keeping UE-side operations lightweight and largely lin-
ear while allowing more expressive decoding and reconstruction at the access, ELF
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aligns with the asymmetric capabilities inherent in Wi-Fi networks. Moreover, this
separation enables ELF to scale gracefully with increasing antenna counts and
bandwidths, as the complexity of the feedback mechanism depends primarily on
the number of selected channel representatives rather than the full channel dimen-
sionality. In the next section, we describe how ELF addresses these challenges by
selectively embedding and feeding back only the most informative components of
the channel while shifting complexity to the access.

4.3 ELF System Model Design

This section presents the end-to-end system model of ELF , a low-overhead channel
feedback framework that reduces feedback cost by (i) projecting the measured chan-
nel frequency response (CFR) into a compact latent space, (ii) selecting a small set
of representative subchannels online at the user, (iii) quantizing only the selected
latent representations for feedback, and (iv) reconstructing a full-band CFR at the
BS using a learned decoder. The proposed design is aligned with commodity Wi-Fi
MIMO systems, where the access point (AP) (or BS) requires accurate frequency-
selective channel information for precoding, while the user device is constrained in
terms of computation, power, and latency.
We first define the signal representation and notation used throughout this section.
We then provide a high-level walkthrough of the ELF pipeline, followed by a
detailed technical description of each processing stage implemented at the UE and
the BS.

4.3.1 Signal Representation and Notation

We consider an OFDM-based MIMO system with M transmit antennas at the BS
and N receive antennas at a station. Let F denote the number of active OFDM
subcarriers used for channel reporting after excluding guard and null tones. For
each sounding instance, the station estimates a frequency-domain MIMO channel
for every subcarrier f ∈ {1, . . . , F}. The complex CFR at subcarrier f is denoted
by

Hf ∈ CN×M . (4.1)

In the implementation, the CFR is represented in a real-valued tensor form by
separating real and imaginary components and arranging them into feature vectors.
Let

X ∈ RC×T×F (4.2)

denote the channel representation at the station, where C denotes the number of
per-time-step channel features, T is a short temporal dimension associated with
repeated observations or averaging, and F is the number of subcarriers. For batch-
based processing, the input tensor becomes

X(b) ∈ RB×C×T×F , (4.3)

where B denotes the batch size.
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Figure 4.2: A walkthrough of ELF

A design choice in the current ELF implementation is to learn reconstruction over
a time-averaged channel representation. The training target is defined as

Y =
1

T

T∑
t=1

X:,t,: ∈ RC×F , (4.4)

which is later reshaped to Y ∈ RF×C for convenience.

4.3.2 Walkthrough of ELF

The ELF feedback pipeline consists of four sequential stages distributed across the
station and the BS as depicted in Fig. 4.2. First, the station estimates the CFR
and forms the tensor X. Instead of compressing and feeding back the full channel
across all subcarriers, the station normalizes and projects each subcarrier into a
low-dimensional latent space. An online selection procedure then identifies a small
subset of representative subcarriers whose embeddings capture the essential struc-
ture of the channel.

Only the embeddings of these representatives, along with their indices and associated
quantization parameters, are fed back to the BS. At the BS, the received embeddings
are dequantized and passed through a learned decoder that reconstructs the channel
representation across all subcarriers. The reconstructed channel is reshaped into the
complex CFR tensor format required by the physical-layer processing chain, and
communication performance is evaluated using a standard MIMO-OFDM pipeline
with BER as the final metric. This design ensures that the feedback cost scales with
the number of representatives rather than the full channel dimensionality, while
shifting learning and reconstruction complexity to the BS.
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4.3.3 UE-Side Processing: Normalization and Latent Pro-
jection

The UE -side processing begins by reshaping the input tensor X(b) ∈ RB×C×T×F

into a per-subcarrier feature matrix. Let

Xf ∈ RF×p, p = C · T, (4.5)

denote the reshaped matrix where each row corresponds to one subcarrier. In batch
form, this becomes X

(b)
f ∈ RB×F×p.

To reduce scale variability and stabilize downstream processing, ELF applies layer
normalization independently to each subcarrier feature vector:

X̃b,f,: = γ ⊙ Xb,f,: − µb,f√
σ2
b,f + ϵ

+ β, (4.6)

where µb,f and σ2
b,f are the mean and variance across the feature dimension, γ and

β are learned affine parameters, and ϵ is a small constant.
Each normalized feature vector is then projected into a d-dimensional latent embed-
ding using a learned linear map:

zb,f = X̃b,f,:W ∈ Rd, (4.7)

where W ∈ Rp×d is trained offline at the BS. The resulting latent tensor is

Z ∈ RB×F×d. (4.8)

4.3.4 UE-Side Processing: Online Representative Selection

At the user equipment (UE), feeding back latent embeddings for all F subcarriers
would result in prohibitively large overhead, especially for wideband Wi-Fi systems
with large antenna arrays. To address this, ELF performs an online selection of
a small subset of representative subcarriers whose latent embeddings capture the
dominant structure of the frequency-selective channel.
Let X̃b,:,: ∈ RF×p denote the layer-normalized per-subcarrier feature matrix for the
b-th sample, where p = C ·T . The goal of representative selection is to identify a set
of K ≪ F subcarriers whose associated features are maximally informative while
avoiding redundant feedback from highly correlated subcarriers.

Low-Dimensional Projection for Clustering Direct clustering in the original
p-dimensional feature space is computationally expensive and impractical for execu-
tion at the UE. To enable lightweight selection, ELF first projects each subcarrier
feature vector into a lower-dimensional clustering space. Specifically, a random or-
thogonal projection matrix

R ∈ Rp×dc , dc ≪ p, (4.9)

is generated offline and shared implicitly across devices via a fixed random seed.
Each subcarrier feature is projected as

ub,f = X̃b,f,:R ∈ Rdc , (4.10)

forming a reduced representation Ub ∈ RF×dc .
This projection preserves relative distances between subcarriers with high probabil-
ity, while significantly reducing computational cost.
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Online Clustering Across Subcarriers The projected features Ub are parti-
tioned into K clusters using a fixed-iteration k-means procedure executed indepen-
dently for each sample:

{Cb,1, . . . , Cb,K} = KMeans(Ub, K). (4.11)

The number of clustering iterations is intentionally kept small to ensure predictable
execution time at the UE.

Medoid-Based Representative Selection For each cluster Cb,k, ELF selects a
single representative subcarrier corresponding to the cluster medoid. Formally, the
representative index is chosen as

πb,k = arg min
f∈Cb,k

∑
f ′∈Cb,k

∥ub,f − ub,f ′∥22, (4.12)

ensuring that the selected subcarrier corresponds to an actual measured channel
realization rather than an abstract centroid.
Collecting the representatives across clusters yields the index vector

πb = {πb,1, . . . , πb,K}, πb ∈ {1, . . . , F}K . (4.13)

The indices are sorted in ascending order prior to feedback to ensure deterministic
ordering at the access point.

Representative Latent Extraction Using the selected indices, the correspond-
ing latent embeddings are gathered from the latent tensor Z ∈ RB×F×d as

Zrep
b,i,: = Zb,πb,i,:, i = 1, . . . , K, (4.14)

forming the representative latent matrix

Zrep ∈ RB×K×d. (4.15)

This selection mechanism ensures that only a compact, non-redundant subset of the
channel’s latent structure is fed back, while remaining fully executable at the UE
using simple linear operations and low-iteration clustering.

4.3.5 UE-Side Processing: Quantization and Feedback For-
mation

After selecting the representative latent embeddings, ELF applies a lightweight
quantization procedure to further reduce feedback overhead while preserving recon-
struction fidelity. This step is executed entirely at the UE and operates indepen-
dently for each sample in the batch.
Let Zrep

b ∈ RK×d denote the matrix of representative latent embeddings for the b-th
sample, where K is the number of selected subcarriers and d is the latent dimension.
Quantization is performed independently for each latent dimension to account for
differences in dynamic range.
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For each latent dimension j ∈ {1, . . . , d}, the minimum and maximum values across
the selected representatives are computed as

zmin
b,j = min

i∈{1,...,K}
Zrep

b,i,j, zmax
b,j = max

i∈{1,...,K}
Zrep

b,i,j. (4.16)

To ensure numerical stability, the effective quantization range is clamped as

rb,j = max
(
zmax
b,j − zmin

b,j , ϵ
)
, (4.17)

where ϵ is a small constant.
Each latent value is then normalized to the unit interval and uniformly quantized
using bq bits:

qb,i,j = round

(
Zrep

b,i,j − zmin
b,j

rb,j
· (2bq − 1)

)
, (4.18)

where
qb,i,j ∈ {0, 1, . . . , 2bq − 1}. (4.19)

The quantized tensor
Qb ∈ ZK×d (4.20)

is stored using unsigned integer precision (e.g., uint8 for bq ≤ 8), while the per-
dimension minimum and maximum values,

zmin
b , zmax

b ∈ Rd, (4.21)

are stored using half-precision floating point to further reduce overhead.
In addition to the quantized embeddings, the station feeds back the indices of the
selected subcarriers. Let

πb = {πb,1, . . . , πb,K} (4.22)

denote the selected subcarrier indices. These indices are sorted in ascending order
prior to transmission to ensure deterministic ordering at the access point and enable
consistent latent placement during reconstruction.
The complete feedback packet for the b-th sample thus consists of the tuple

Fb =
(
Qb, z

min
b , zmax

b , πb

)
, (4.23)

which is serialized and transmitted to the access point. Importantly, no additional
metadata, side information, or channel statistics are included, ensuring that the
feedback size scales linearly with K and is independent of the total number of
subcarriers F .
This quantization strategy preserves the relative geometry of the latent represen-
tations while introducing only bounded reconstruction error, and enables ELF to
operate under strict feedback bandwidth constraints without imposing heavy com-
putational requirements at the station.

4.3.6 Base Station Processing: Dequantization and Channel
Reconstruction

Upon receiving the feedback packet Fb = (Qb, z
min
b , zmax

b ,πb), the base station (BS)
reconstructs a full-band channel representation from the compact, quantized feed-
back. Unlike the user equipment, the BS is not subject to strict computational or
power constraints, allowing more expressive decoding operations to be performed
centrally.
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Latent Dequantization The first reconstruction step reverses the quantization
applied at the UE. For each latent dimension j ∈ {1, . . . , d}, the dequantized latent
representation is recovered as

ẑb,i,j = zmin
b,j +

qb,i,j
2bq − 1

(
zmax
b,j − zmin

b,j

)
, (4.24)

where qb,i,j denotes the received quantized value. This operation yields a dequantized
latent matrix

Ẑrep
b ∈ RK×d, (4.25)

corresponding to the K representative subcarriers selected at the UE.

Frequency-Domain Interpolation via Learned Mixing The objective of the
decoder is to reconstruct latent embeddings for all F subcarriers using only the K
representative embeddings. To this end, ELF employs a frequency-aware interpo-
lation mechanism implemented as a lightweight multilayer perceptron (MLP).
Each subcarrier f is assigned a normalized frequency position

ϕf ∈ [−1, 1], (4.26)

which serves as input to the decoder network. The network outputs a set of mixing
coefficients

wf = softmax
(
Dmix(ϕf )

)
∈ RK , (4.27)

where Dmix(·) is a two-layer MLP and the softmax ensures convex combination
weights.
The reconstructed latent embedding at subcarrier f is then computed as

ẑb,f =
K∑
k=1

wf,k Ẑ
rep
b,k,:, (4.28)

resulting in the full latent tensor

Ẑ ∈ RB×F×d. (4.29)

Latent-to-Channel Mapping Each reconstructed latent embedding is mapped
back to the channel feature space using a learned linear projection:

ŷb,f = Aẑb,f + c, (4.30)

where A ∈ RC×d and c ∈ RC are decoder parameters learned during training.
Stacking across frequency yields

Ŷ ∈ RB×F×C . (4.31)

Complex CFR Reconstruction Finally, the reconstructed channel features are
reshaped and separated into real and imaginary components to obtain the complex-
valued channel frequency response. Since ELF reconstructs a time-averaged chan-
nel representation, the recovered CFR is replicated uniformly across the required
temporal dimension to match the expected physical-layer input format:

Ĥ ∈ CB×···×T×F . (4.32)

53



4.3.7 BER-Based Evaluation and End-to-End Validation

To evaluate whether the reconstructed channel produced by ELF is suitable for
practical communication, we embed the reconstructed CFR into a complete MIMO-
OFDM physical-layer pipeline and measure end-to-end BER. This evaluation di-
rectly reflects the impact of feedback compression on communication reliability,
rather than relying solely on representation-level distortion metrics.
The reconstructed channel Ĥ is injected into a standards-compliant OFDM trans-
mission chain, including precoding, pilot-based channel estimation, equalization,
demodulation, and channel decoding. In our implementation, all physical-layer
components follow 3GPP and IEEE-compliant models and are realized using the
Sionna simulation framework.
At the transmitter, encoded data symbols are mapped onto OFDM resource grids
and precoded using the reconstructed CFR. The signal propagates through the re-
constructed frequency-selective MIMO channel, with additive noise determined by
the target signal-to-noise ratio. At the receiver, the channel is estimated using
pilot symbols and equalized using linear minimum mean squared error (LMMSE)
equalization, followed by demodulation and decoding.
The resulting bit error rate is computed as

BER =
1

Nbits

Nbits∑
i=1

I
(
b̂i ̸= bi

)
, (4.33)

where bi and b̂i denote the transmitted and decoded bits, respectively.
By evaluating BER using the reconstructed CFR, ELF is assessed under the same
conditions as conventional channel estimation and feedback schemes. This pro-
vides a system-level validation that the proposed sensing-aided feedback mechanism
preserves communication performance despite aggressive reduction in feedback over-
head.

4.4 Simulation Environment

To evaluate the proposed ELF framework under realistic and reproducible condi-
tions, we construct a fully controlled simulation environment based on standardized
channel models and a standards-compliant physical-layer abstraction. All simu-
lated channel realizations are generated using the Sionna library. It is an open
source library which provides differentiable, GPU-accelerated implementations of
3GPP-compliant wireless channel and OFDM system models. This choice enables
accurate modeling of wideband MIMO channels while maintaining consistency with
modern Wi-Fi and cellular system assumptions.

4.4.1 Simulation Software and Framework

All simulations are implemented using the Sionna physical-layer simulation frame-
work, which is built on top of TensorFlow and provides modular implementations
of channel models, antenna arrays, and OFDM signal processing blocks. Sionna is
particularly well suited for this work because it supports (i) standardized stochastic
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channel models, (ii) scalable multi-antenna configurations, and (iii) tight integra-
tion with learning-based pipelines. The simulation scripts are executed on GPU-
enabled systems, with TensorFlow configured to allow dynamic memory growth to
ensure stable execution across different hardware setups. Random seeds are ex-
plicitly controlled at both the TensorFlow and Sionna levels to guarantee repro-
ducibility across simulation runs. Each generated channel realization is associated
with a unique seed that is stored as part of the dataset metadata, enabling exact
regeneration of individual samples when required.

4.4.2 Channel Model and Propagation Environment

We model the wireless propagation channel using the 3GPP TR 38.901 CDL model,
which captures realistic multipath propagation effects observed in indoor and urban
environments. Specifically, we employ CDL models A considering indoor environ-
ment, as the default configuration unless otherwise specified. For each channel real-
ization, the continuous-time channel impulse response is generated using the CDL
model and subsequently transformed into a frequency-domain representation using
an OFDM-compatible transformation. The CFR is normalized to ensure consistent
average channel power across realizations. To improve robustness and avoid overfit-
ting to a narrow channel distribution, we introduce light stochastic augmentations in
the frequency domain, including a random global phase rotation and a small linear
frequency tilt. These augmentations preserve the physical structure of the channel
while increasing variability across samples.

4.4.3 OFDM and Bandwidth Configuration

The simulated system follows an OFDM-based wideband transmission model con-
sistent with modern Wi-Fi standards. The total system bandwidth is configurable
and supports 40 MHz, 80 MHz, 160 MHz, and 320 MHz modes. The corresponding
Fast Fourier Transform (FFT) sizes are selected accordingly to maintain realistic
subcarrier spacing:

FFT ∈ {512, 1024, 2048, 4096}.
Unless otherwise specified, simulations are conducted at 80 MHz bandwidth, which
represents a common operating point for IEEE 802.11ax systems.

Each OFDM frame consists of ten OFDM symbols, including pilot symbols placed at
predefined indices to support channel estimation at the receiver. Guard subcarriers
and DC nulling are applied to match practical OFDM resource grid configurations.
The cyclic prefix length is fixed across simulations to ensure consistent handling of
delay spread effects.

4.4.4 Antenna Configuration and MIMO Setup

To evaluate the scalability of ELF with respect to antenna dimension, we simulate
multiple MIMO configurations by varying the number of transmit and receive anten-
nas. The number of base station BS and user equipment UE antennas is configurable
and includes square MIMO setups such as 2×2, 3×3, 4×4 and 5×5. Dual-polarized
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cross antennas are used at both the BS and UE, following the antenna patterns de-
fined in TR 38.901. The antenna arrays are constructed using standardized array
geometry models, with the number of rows and columns adjusted according to the
total antenna count. This setup enables realistic modeling of spatial correlation, po-
larization effects, and antenna coupling, all of which directly influence the structure
and redundancy of the resulting channel frequency response.

Indoor Room Layout and Geometry We evaluate ELF under an indoor room-
layout setting in which the transmitter (TX) is fixed at a single location and six
receivers (RX) are sampled across multiple spatial positions within each room, as
illustrated in Fig. 4.3. We consider two representative indoor geometries: (i) a
Bedroom of approximately 3.75m×3.5m and (ii) a Reading Room with approximate
dimensions 3.2m × 3.45m (with a non-rectangular boundary). For each geometry,
the RX is placed at several distinct locations to emulate spatial diversity, resulting
in TX–RX separations spanning roughly 1.5–2.0m and 2.0–2.5m, depending on the
selected RX point. This configuration enables us to test reconstruction robustness
across realistic indoor spatial variations while keeping the transmitter location fixed.
A schematic of the indoor room layout used for channel generation is shown in
Fig. 4.3.
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Figure 4.3: Simulated indoor room layout and node placement.

4.4.5 Dataset Generation and Storage

Channel realizations are generated in batches and stored in a sharded dataset format
to enable efficient streaming during training and evaluation. Each shard contains a
small number of samples (often a single sample per shard), allowing fine-grained ac-
cess without loading the entire dataset into memory. For each sample, the complex-
valued channel frequency response CFR is stored by packing the real and imaginary
components into a compact floating-point representation. In addition to the channel
data, extensive metadata is stored alongside each sample. This metadata includes
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the CDL model type, delay spread, carrier frequency, antenna configuration, band-
width, FFT size, user mobility parameters, and random seed. This design ensures
that every simulated channel realization is fully self-describing and traceable, sup-
porting reproducibility and detailed post hoc analysis.

4.4.6 Relevance to ELF Evaluation

The simulation environment is intentionally designed to stress the scalability limi-
tations of conventional channel feedback mechanisms. Wide bandwidths, large an-
tenna arrays, and frequency-selective channels collectively produce high-dimensional
CFRs that are costly to estimate, compress, and feed back using traditional methods.
By generating such channels under controlled yet realistic conditions, the simula-
tion environment provides a rigorous testbed for evaluating the effectiveness of ELF
in reducing feedback overhead while preserving end-to-end communication perfor-
mance. In the subsequent sections, this simulation environment is used consistently
across training, CFR reconstruction, and BER evaluation, ensuring that all perfor-
mance gains attributed to ELF arise from its system design rather than artifacts
of the simulation setup.
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Chapter 5

Performance Analysis

This chapter presents an extensive performance evaluation of the proposed PULSE
and ELF frameworks. We analyze the sensitivity to key design parameters, com-
pare it against state-of-the-art Wi-Fi sensing approaches, study the impact of spatial
diversity across sensing stations, evaluate robustness under domain shifts, and ex-
amine computational efficiency and model compactness. All experiments related
to PULSE are conducted using the BeamSense dataset under consistent settings
to ensure fair comparison. All experiments related to ELF are conducted in the
customized simulated environment shown in Fig. 4.3.

5.1 Performance Analysis of PULSE

5.1.1 Performance of PULSE with Different Temporal Win-
dows

In communication-aided sensing framework PULSE , the temporal window length
W determines the number of consecutive CFR frames aggregated into a single sens-
ing instance. A short window may fail to capture sufficient temporal dynamics, while
an excessively long window increases latency and computational overhead without
proportional gains. To evaluate this trade-off, we vary the temporal window length
as W ∈ {4, 8, 16, 32} and report classification accuracy across three indoor environ-
ments: living room, kitchen, and classroom.
The results are illustrated in Figure 5.1a
Across all environments, increasing the window size from W = 4 to W = 8 leads to
a noticeable improvement in accuracy—by approximately 6.16% in the living room,
4.64% in the kitchen, and 3.16% in the classroom. This improvement indicates that
a moderate temporal context is necessary to capture motion-induced channel vari-
ations reliably.
However, further increasing W beyond 8 yields diminishing returns. For example,
accuracy saturates around 99.72%–99.76% for larger windows while incurring higher
inference latency. Based on this analysis, W = 8 is selected as the default configura-
tion, as it achieves near-optimal performance with minimal delay, making it suitable
for real-time edge sensing applications.
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Figure 5.1: PULSE Accuracy analysis under varying temporal windowW and baseline comparison
using the selected configuration W = 8
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Figure 5.2: PULSE accuracy comparison of individual against combined Wi-Fi stations across
three indoor environments

5.1.2 Comparison with State-of-the-Art Approaches

We next compare PULSE against two representative state-of-the-art Wi-Fi sens-
ing systems: BeamSense and SignFi. All methods are evaluated under identi-
cal experimental conditions across the three indoor environments. As shown in
Fig. 5.1b, PULSE consistently outperforms both baselines. Specifically, PULSE
achieves classification accuracies of 99.78%, 99.82%, and 99.86% in the living room,
kitchen, and classroom environments, respectively. In comparison, BeamSense at-
tains 98.72%, 95.69%, and 94.67%, while SignFi achieves 92.64%, 94.64%, and
89.76%.

The accuracy gains of PULSE —up to 5.2% over BeamSense and nearly 10% over
SignFi—stem from its ability to focus on physics-aware temporal dynamics rather
than static CFR representations. By embedding structured temporal descriptors,
PULSE captures motion patterns more effectively while avoiding unnecessary high-
dimensional processing.

5.1.3 Impact of Spatial Diversity Across Wi-Fi Stations

Wi-Fi sensing performance is highly sensitive to the relative position and orienta-
tion of sensing devices. Individual stations may experience poor channel visibility
depending on placement and line-of-sight conditions.
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Fig. 5.2 evaluates the sensing accuracy of individual stations (STA1, STA2, and
STA3) and their fusion across different environments. Results show that while
single-station performance can degrade severely—e.g., STA2 and STA3 achieve only
86.39% and 60.76% accuracy in the kitchen and classroom, respectively—the fused
multi-station configuration consistently achieves near-perfect accuracy exceeding
99.8%.
These results demonstrate that PULSE effectively integrates spatially diverse chan-
nel observations, compensating for unfavorable station orientations. The framework
remains robust even when individual sensing nodes provide weak or noisy informa-
tion, highlighting its suitability for practical multi-device deployments.

5.1.4 Generalization to Unseen Environments and Stations

To evaluate domain generalization, we test PULSE under cross-environment and
cross-station scenarios. In these experiments, the model is trained in one environ-
ment and evaluated in unseen environments using few-shot adaptation.
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Figure 5.3: Comparison of PULSE performance across environments with baseline BeamSense,
and SignFi.

As illustrated in Fig. 5.3, when trained in the classroom and tested in the living
room and kitchen, PULSE achieves average accuracies of 95.84% and 95.05%, re-
spectively. This represents an improvement of more than 7.1% over BeamSense and
over 40% relative to OneFi. Training on kitchen dataset and testing on the data
from other unseen environments, yield similar accuracy, improving the performance
of PULSE by up to 9% over its nearest competitor BeamSense.
Cross-station generalization results, depicted in Fig. 5.4, follow the same pattern.
These results validate the effectiveness of PULSE ’s temporal embedding design
and few-shot adaptation mechanism in real-world deployment scenarios.

PULSE used contrastive learning with few-shots leveraging only 5s worth of data
from unseen environment, the baseline framework BeamSense takes 15s worth of
data per activity to fine-tune to new environment. Thus, PULSE not only gen-
eralizes effectively across unseen domains but also achieves breakthrough sensing
performance under extreme data constraints.

5.1.5 Computational Efficiency and Model Compactness

Table 5.1 compares the computational requirements of PULSE with BeamSense
and SignFi. While BeamSense requires nearly 20 billion FLOPs and SignFi approx-
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Figure 5.4: Comparison of PULSE performance across Wi-Fi stations with baseline BeamSense,
and SignFi.

imately 1.7 billion FLOPs, PULSE performs the same sensing task with only 22.41
million FLOPs.

Table 5.1: Analysis of computational efficiency of PULSE

Approach FLOPs(M) Params(M) Inference (ms/samp)

PULSE 22.41 1.47 0.012

BeamSense 20000 4.25 22.0

SignFi 1700 2.10 0.62

BLTHAT 0.127 1.39 0.19

This represents a reduction of over 900× compared to BeamSense and over 75×
compared to SignFi. Despite its lightweight nature, PULSE maintains competitive
parameter count (1.47 million) and achieves an exceptionally low inference latency
of 0.012 ms per sample. To ensure a fair comparison against compact neural ar-
chitectures, we additionally include BLTHAT, a recently proposed lightweight CSI-
based sensing model for edge deployment. Despite being designed as a lightweight
CSI-based model, BLTHAT remains approximately 5.7× more computationally ex-
pensive than PULSE . It further maintains a competitive parameter count (1.47 M)
and achieve an exceptionally low inference latency of 0.012 ms/sample, compared
to the SOTA baselines- 0.19 ms for BLTHAT, 22 ms for BeamSense and 0.62 ms
for SignFi. This efficiency enables real-time operation on edge devices with limited
computational resources.
Table 5.2 further analyzes scalability with respect to temporal window length W
and sub-channel grouping parameter k. As W increases from 8 to 64, FLOPs scale
linearly from 22.41M to 179.26M, while inference latency remains below 0.025 ms.
In contrast, varying k from 4 to 32 introduces only marginal increases in compu-
tational cost, confirming that temporal modeling dominates complexity. With the
configuration W = 8 and k = 8, PULSE reduces the input dimensionality from
W×F×2 (raw CFR) to W×C = 8×72, resulting in an 85.12% reduction in feature
dimensionality. This compact representation preserves sensing-relevant information
while significantly lowering computational and memory overhead.

61



Table 5.2: Computational Efficiency of PULSE Under Varying Window and sub-
channel Configurations

Window W (K = 8) FLOPs(M) Params(M) Inference (ms/samp)

8 22.41 1.47 0.012

16 44.82 1.47 0.012

32 89.63 1.47 0.014

64 179.26 1.47 0.023
Sub-channel

Group k (W = 8) FLOPs(M) Params(M)
Inference
(ms/samp)

4 21.89 1.43 0.011

8 22.41 1.47 0.012

16 23.44 1.53 0.012

32 25.50 1.66 0.012

5.1.6 Result Discussion

The performance statistics imply that, PULSE is a lightweight domain-adaptive
sensing framework that learns the physics-aware temporal embeddings, extracted
from Wi-Fi CFR. Unlike the existing approaches where the CFR is directly used as
the input the tensor for Learning model, PULSE extracts temporal descriptors and
embeds them through a light-weight 1D convolutional network that jointly learns
discriminative representations and sensing semantics. The framework achieves over
99% accuracy while reducing 85% of the input tensor dimensionality and main-
taining low inference latency, demonstrating suitability for real-time edge inference.
Furthermore, through supervised contrastive pretraining and few-shot adaptation,
PULSE generalizes effectively to unseen domains using only 5 s worth of labeled
data, outperforming the state-of-the-art frameworks.

5.2 Performance Analysis of ELF

5.2.1 Impact of the Number of Representative Subchannels

We begin the performance evaluation of ELF by analyzing the effect of the number
of representative subchannels, denoted by K, on the end-to-end BER. Since BER
depends jointly on channel quality and system noise, we first identify an optimum
SNR operating point that allows meaningful comparison across different values of
K without degrading the BER performance.

Figure 5.5a shows the BER performance of ELF across a range of SNR values from
15 dB to 20 dB for multiple values ofK. At low SNR values, the system performance
is dominated by noise, and the BER performance remains sub-per. At higher SNR
values, while BER continues to decrease, the overall simulation cost increases due
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Figure 5.5: Optimum SNR value and corresponding BER performance at different
number of representative subchannels at 80MHz BW

to longer decoding times and larger numbers of successfully decoded frames.
Based on this trade-off, we select an SNR of 18 dB as the optimum operating point
for subsequent analysis. This SNR corresponds to a regime where the BER is suf-
ficient to reflect meaningful reconstruction quality. Moreover, 18 dB represents a
practical mid-to-high SNR range for IEEE 802.11ax deployments, making it a suit-
able choice for system-level evaluation.

With the SNR fixed at 18 dB, we next examine how BER varies as a function of the
number of representative subchannels K. Figure 5.5b illustrates the BER achieved
by ELF at 80 MHz bandwidth for different values of K. As expected, increasing
K consistently improves BER performance, since more representative subchannels
provide a richer description of the underlying frequency-selective channel. However,
the improvement is not linear. When K increases from 16 to 64, the BER drops by
more than an order of magnitude, indicating that a small number of representatives
is insufficient to capture the frequency-domain structure of the channel. Increasing
K further to 128 yields a substantial additional reduction in BER, pushing the sys-
tem into a regime where communication reliability approaches that of much denser
feedback. In contrast, increasing K from 128 to 256 provides only marginal BER
improvement, despite doubling the feedback size and associated processing cost to
be analyzed next. This behavior reveals a clear performance–overhead trade-off.
For the 80 MHz IEEE 802.11ax configuration considered here, K = 128 emerges
as an effective operating point that balances feedback efficiency and communica-
tion reliability. Notably, this corresponds to approximately one-eighth of the
total number of active subcarriers, demonstrating that ELF can reconstruct
a full-band channel with high fidelity while feeding back only a small fraction of the
original channel information.

5.2.2 Feedback Overhead Analysis with K-reps Ratio

We next analyze how the feedback size of ELF scales with the ratio of representative
subchannels K under different system bandwidths. Figure 5.6a illustrates the total
feedback size as a function of the K-to-subcarrier ratio for bandwidths ranging from
40 MHz to 320 MHz.
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Figure 5.6: Channel feedback size reduction analysis across different K-reps ratio
for different channel BW.

Across all bandwidths, the feedback size grows approximately linearly with the num-
ber of representatives. For example, at 80 MHz bandwidth, the feedback size in-
creases from 1.28 × 10−4 KB when using K/64 representatives to 2.05 × 10−3 KB
when using K/4, corresponding to a 16× increase. Similar linear scaling trends
are observed for 40 MHz, 160 MHz, and 320 MHz bandwidths, indicating that the
dominant contributor to feedback overhead is the number of selected subchannels
rather than the absolute system bandwidth. For a fixed representative ratio, in-
creasing the bandwidth results in a proportional increase in feedback size due to the
larger total number of subcarriers. At a representative ratio of K/8, the feedback
size grows from approximately 1.02 × 10−3 KB at 40 MHz to 1.64 × 10−2 KB at
320 MHz, reflecting the fourfold increase in bandwidth. Nevertheless, even at the
largest bandwidth considered, the absolute feedback size remains on the order of
only a few tens of bytes.

When combined with the BER results presented earlier, these findings highlight a
favorable operating regime for ELF . In particular, the operating point of K/8 (e.g.,
K-reps = 128 at 80 MHz with total 1024 subcarriers) achieves a strong reduction in
feedback size while preserving sufficient channel information for reliable communi-
cation. As shown in Fig. 5.6b, this configuration yields approximately 96% feedback
reduction compared to dense subcarrier reporting. More aggressive compression ra-
tios (K/16–K/64) increase the reduction to 98%–99%, but lead to noticeable BER
degradation, while larger ratios such as K/4 reduce the feedback savings to about
92% with only marginal BER improvement.

This confirms that K/8 provides a well-balanced trade-off between feedback reduc-
tion efficiency and communication reliability, enabling ELF to scale effectively
across wide bandwidths without excessive feedback overhead.

5.2.3 Comparison with Traditional IEEE 802.11ax Channel
Feedback

We next compare the feedback overhead of ELF against the standard IEEE 802.11ax
explicit channel feedback across different channel bandwidths and MIMO configu-
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rations. Figure 5.7 summarizes the feedback size for both schemes, while the corre-
sponding numerical values are reported in the accompanying data files.

For a fixed 2× 2 MIMO configuration, the feedback size of IEEE 802.11ax increases
linearly with bandwidth, from 0.024 KB at 40 MHz to 0.192 KB at 320 MHz. In
contrast, the feedback size of ELF remains significantly lower, increasing only from
0.001024 KB to 0.008192 KB over the same bandwidth range. This corresponds to
a reduction factor of upto 25×, demonstrating that ELF effectively decouples
feedback overhead from wideband channel dimensionality.
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Figure 5.7: Feedback size comparison between ELF and traditional IEEE 802.11ax
Wi-Fi standard with varying BW and MIMO configurations.

A similar trend is observed when scaling the number of antennas at a fixed band-
width of 80 MHz. With IEEE 802.11ax feedback, the overhead grows rapidly with
the MIMO dimension, increasing from 0.048 KB for 2 × 2 to 5.76 KB for 5 × 5
MIMO[64]. In contrast, the feedback size of ELF remains constant at approxi-
mately 0.002048 KB across all evaluated MIMO configurations. This behavior high-
lights a key advantage of ELF : feedback overhead is determined primarily by the
number of selected representatives rather than the number of antenna pairs. Overall,
these results confirm that conventional IEEE 802.11ax feedback mechanisms scale
poorly with both bandwidth and antenna dimension, whereas ELF achieves con-
sistently low and predictable feedback overhead. By exploiting frequency-domain
redundancy and selective representation, ELF enables scalable MIMO operation
without the exponential increase in feedback cost that characterizes standard feed-
back procedures.

5.2.4 Computational Complexity and Inference Latency

We next evaluate the computational cost of ELF in terms of floating-point op-
erations (FLOPs) and inference latency as a function of the number (or ratio) of
representative subchannels K− reps, considering an 80 MHz bandwidth and a 2× 2
MIMO configuration. Figure 5.8 summarizes the corresponding FLOPs and average
inference time per sample.
As K-reps increases, the computational complexity grows approximately linearly.
Specifically, the FLOPs increase from 4.57 MFLOPs atK-reps = 16 to 33.93 MFLOPs
at K-reps = 128, and further to 67.49 MFLOPs at K-reps = 256. A similar trend
is observed in inference latency: the average per-sample latency remains around
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Figure 5.8: Computational efficiency and compactness analysis of ELF .

0.31–0.35 ms for K-reps ≤ 64 (i.e. one sixteenth of total subcarriers) increases to
0.44 ms at K-reps = 128 (i.e. one eighth of total subcarriers), and exceeds 0.58 ms
at K-reps = 256 (i.e. one fourth of total subcarriers). This growth in latency is
accompanied by a corresponding drop in throughput, from over 3200 samples/s at
K = 16 to approximately 1723 samples/s at K = 256.

These results show that using more representative subchannels beyond a certain
point provides only small performance improvements, while significantly increasing
the computational cost. In particular, K-reps = 128 in 80 MHz BW, emerges as
a favorable operating point: it keeps the inference time below 0.5 ms, limits the
computational load to approximately 34 MFLOPs, and maintains high throughput,
while already achieving strong BER performance and substantial feedback reduc-
tion, as shown in previous analysis. Consequently, selecting one-eighth of the total
subchannels as representatives enables ELF to remain lightweight and suitable for
practical deployment without sacrificing communication reliability.

5.2.5 Discussion

The results show that ELF achieves a fundamentally different operating point by
exploiting frequency-domain redundancy and shifting reconstruction complexity to
the BS. Selecting approximately one-eighth of the active subcarriers consistently
preserves near-dense feedback performance, revealing substantial redundancy in
wideband Wi-Fi channels that conventional feedback mechanisms overlook. Unlike
IEEE 802.11ax explicit feedback, whose overhead scales poorly with bandwidth and
antenna count, the feedback cost of ELF depends primarily on the number of rep-
resentative subchannels, enabling up to 96% overhead reduction without degrading
communication reliability. UE-side processing remains lightweight, while decoding
and interpolation are handled centrally at the BS, with measured FLOPs and latency
confirming practical deployability. Overall, these results validate a sensing-oriented
view of channel feedback, positioning ELF as a scalable and standards-compatible
solution for next-generation wideband Wi-Fi systems.
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Chapter 6

Conclusion

6.1 Review of Contributions

This thesis investigated how the wireless channel, traditionally treated solely as a
medium for data transmission, can be systematically repurposed as a rich sensing
resource alongside communication. Motivated by the observation that conventional
Wi-Fi systems treat the wireless channel primarily as an instantaneous communi-
cation object, this work demonstrated that the channel also embodies rich physical
structure that can be harnessed to enable scalable, low-overhead sensing and feed-
back mechanisms.

The core contributions of the thesis are realized through two complementary frame-
works: PULSE and ELF . Together, they establish a unified perspective in which
communication signals assist sensing, and sensing principles in turn improve com-
munication efficiency.

6.1.1 Communication-Aided Sensing via PULSE

The first part of this thesis introduced PULSE , a communication-aided wireless
sensing framework that exploits the temporal evolution of Wi-Fi CFR for human ac-
tivity recognition. Rather than operating directly on high-dimensional channel ten-
sors, PULSE adopts a physics-aware, temporal-first design that captures magnitude
dynamics, phase evolution, and energy variation through compact temporal descrip-
tors. This representation reduces the input dimensionality by over 85% while
retaining sensing-relevant information. The extracted descriptors are processed us-
ing a lightweight 1D convolutional network that jointly learns discriminative em-
beddings and activity semantics. To address domain variability, PULSE further
integrates supervised contrastive learning and prototype-based few-shot adaptation,
enabling rapid adaptation to unseen environments, devices, and users. With only a
few seconds of labeled data PULSE successfully recognize activity classes with over
95% performance accuracy, surpassing other SOTA approaches by upto 9%.

Extensive evaluation on the real-world BeamSense dataset demonstrates thatPULSE
consistently achieves over 99% activity recognition accuracy across multi-
ple environments and user stations, while maintaining low inference latency
suitable for real-time edge deployment. Compared to existing Wi-Fi sensing ap-
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proaches, PULSE achieves orders-of-magnitude lower computational complexity
(only 22.41MFLOPs) without sacrificing performance. These results validate
that explicitly modeling temporal channel structure is sufficient to enable accurate,
robust, and deployable wireless sensing under practical Wi-Fi constraints.

6.1.2 Sensing-Aided Communication via ELF

The second part of this thesis presented ELF , a sensing-aided channel feedback
framework that addresses the fundamental scalability limitations of conventional
Wi-Fi channel estimation and feedback. As Wi-Fi systems evolve toward wider
bandwidths and larger MIMO configurations, standard feedback mechanisms incur
rapidly growing overhead and impose significant computational burden on user de-
vices, limiting practical deployment.

ELF reformulates channel feedback as a selective sensing problem over a struc-
tured frequency-domain channel rather than full-channel reporting. By projecting
per-subcarrier channel features into a latent space and exploiting frequency-domain
redundancy, ELF enables the user to identify and feed back only a small set of
representative subchannels. These representatives are quantized using lightweight
operations and transmitted to the base station, where a learned decoder reconstructs
the full-band channel. Extensive simulations based on 3GPP-compliant channel
models show that selecting approximately one-eighth of the active subchan-
nels achieves more than 96% reduction in feedback overhead with negligible BER
degradation across wide bandwidths. Compared to IEEE 802.11ax explicit feedback,
ELF achieves up to 25× reduction in feedback size and, critically, maintains
nearly constant overhead as the number of antenna pairs increases. Computational
analysis further confirms that ELF remains lightweight, with inference latency
well below 0.5 ms with around 34MFLOPs at practical operating points.
These results demonstrate that sensing-inspired feedback—based on redundancy
awareness and selective representation—can substantially reduce communication
overhead while preserving reliability, positioning ELF as a scalable and deployable
solution for next-generation wideband Wi-Fi systems.

6.2 Future Research Directions

The work presented in this thesis opens several promising avenues for future research.

• Extending both PULSE and ELF to cell-free MIMO network settings would
be a natural next step. In such scenarios, spatial diversity introduces addi-
tional structure and redundancy that could further improve sensing robustness
and feedback efficiency in both terrestrial networks (TN) and non-terrestrial
networks (NTN).

• A key direction for future work is the testbed realization of the proposed
frameworks. While PULSE has been validated on real-world datasets, an
end-to-end testbed implementation would enable evaluation under real-time
and hardware constraints. Similarly, extending ELF from emulation to a
hardware-based Wi-Fi testbed would allow direct assessment of feedback in-
tegration, latency, and deployment feasibility.
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• Online and adaptive optimization of k-reps could be implemented in ELF to
allow more efficient channel estimation frameworks to leverage communication.
Moreover, continual learning and self-supervised adaptation in PULSE may
further reduce the reliance on labeled data and manual calibration.

• Finally, deploying the proposed frameworks on real hardware platforms and
evaluating them in large-scale testbeds would provide valuable insights into
system-level trade-offs, latency constraints, and energy efficiency. Such de-
ployments would help bridge the gap between simulation-based evaluation and
practical adoption in next-generation wireless systems.

6.3 Closing Remarks

In conclusion, this thesis demonstrated that communication channels can be treated
as a primitive for sensing tasks. By exploiting the inherent structure of wireless
channels, it is possible to design ISAC systems that are both efficient and robust.
The frameworks proposed in this work—PULSE and ELF —represent concrete
steps toward this vision and highlight the potential of physics-aware, representation-
driven approaches for the future of wireless networks.
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