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Abstract—WiFi-based gesture recognition (WGR) has emerged
as a promising technology due to its potential for integration
with communication systems under the concept of integrated
sensing and communication (ISAC). However, current WGR
systems face two primary challenges: limited scalability for
recognizing new gestures and poor compatibility with ISAC.
These systems typically require extensive data collection and
retraining for each new gesture and struggle to handle the
dimensional variability of channel state information (CSI) caused
by fluctuating data traffic in communication networks. To over-
come these limitations, we introduce OneSense, a one-shot WGR
system designed for seamless integration with communication
systems. OneSense designs a data enrichment technique based
on the law of signal propagation to generate virtual gestures.
Based on enriched dataset, OneSense leverages an aug-meta
learning (AML) framework to facilitate efficient and scalable
FSL. OneSense also incorporates a data cropping strategy to
enhance gesture feature prominence and a dynamic size-adaptive
backbone model that ensures compatibility with CSI samples
exhibiting dimensional inconsistencies. Experimental results show
that OneSense achieves over 94% accuracy in one-shot gesture
recognition. A case study further illustrates its effectiveness in
ISAC contexts. Furthermore, our proposed AML framework
reduces pre-training latency by more than 86% compared to
conventional meta-learning approaches.

Index Terms—WiFi, Gesture Recognition, Few-shot Learning,
Integrated Sensing and Communication.
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N the past decade, WiFi-based gesture recognition (WGR)

has garnered significant attention due to its multiple com-
pelling properties, such as visual privacy preserving and
device-free operation. Most importantly, WGR can be imple-
mented by reusing existing WiFi communication infrastruc-
tures [2]-[5], making it highly promising for seamless inte-
gration into existing WiFi systems, also known as integrated
sensing and communication (ISAC) [6]-[12], for wide and
rapid deployment. Existing WGR approaches typically rely
on deep learning models to associate channel state information
(CSI) with gesture classes. While these methods demonstrate
high gesture recognition accuracy, they suffer from two major
flaws concerning system scalability and compatibility, which
hinder their practical adoption in real-world communication
contexts.

On the one hand, deep learning-based sensing models
generally require each gesture class to provide dozens or even
hundreds of samples per gesture class for training, making data
collection significantly time-consuming and labor-intensive.
Furthermore, traditional sensing models fix the gesture classes
during the initial system implementation. To recognize new
gestures, the model must be re-trained to adapt, which intro-
duces massive extra computational overhead. As the demand
for gesture categories continues to grow [13], these limitations
make existing systems struggle to fulfill flexible gesture recog-
nition tasks. On the other hand, previous works often require
the input samples for the sensing model to have a consistent
size. However, in communication scenarios, the packets are
often irregular in time, and different gestures may vary in
duration. Therefore, it is challenging to maintain a consistent
input size. This inconsistency complicates their integration into
communication networks. In addition, enforcing a unified size
for different gesture classes fails to fully capture their unique
characteristics and results in unnecessary computational costs.

Recently, few-shot learning (FSL) techniques have shown
potential in addressing the aforementioned drawbacks. Pre-
vious works [14]-[16] in computer vision (CV) field have
demonstrated the feasibility of few-shot image recognition
through meta-learning. The core idea behind meta-learning
is to pre-train a general model using a large number of
similar few-shot tasks, enabling the model to quickly adapt
to new tasks with only a limited number of labeled samples.
However, applying meta-learning to WGR is non-trivial due to
the following challenges. (1) Training a general model requires
a dataset containing a wide range of gesture classes (referred
to as seen classes). Collecting enough samples to create such
a diverse dataset is time-consuming and labor-intensive. (2)
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The meta-learning process involves generating numerous few-
shot tasks for pre-training, which demands significantly more
computational resources and time compared to conventional
supervised learning. (3) Common gesture recognition models,
such as convolutional neural networks (CNNs), rely on fully
connected layers (FCs) to map extracted gesture features to
gesture classes. However, FCs can only handle inputs of fixed
size. Given the irregular network traffic in communication
environments and the varying durations of different gestures,
maintaining a consistent input size is a challenge.

To tackle these challenges, we propose OneSense, a dy-
namic size-adaptive one-shot WiFi-based gesture recognition
system. OneSense significantly reduces the manpower, time,
and computational overhead required from both developers
and users, while also accommodating variable input sizes for
seamless integration into communication systems. First, devel-
opers collect a small set of real samples, which are then used
to generate a large number of virtual samples. By combining
both real and virtual samples, developers can efficiently train
a general model. Subsequently, users can deploy OneSense
within an off-the-shelf communication system. By fine-tuning
the general model with just one real sample from each unseen
class, users can achieve accurate one-shot gesture recognition
in ISAC environments.

Specifically, we first propose a data enrichment algorithm
to enhance the diversity of our training dataset, minimizing
the need for extensive real-world data collection. Particularly,
developers only need to gather a small set of real-world
samples for a few base gesture classes. Our algorithm then
generates a wealth of new gestures (referred to as virtual
gestures) by applying the principle of signal propagation in the
physical world. This approach allows OneSense to construct a
diverse dataset for training the general model, significantly
saving both time and manpower compared to vanilla data
collection methods.

Then, we devise a novel one-shot learning framework called
aug-meta learning (AML), which combines the advantages of
both traditional supervised learning and meta-learning. The
framework comprises two pre-training stages: aug-training
and meta-training. In the aug-training stage, the backbone
model engages in conventional supervised learning using vir-
tual samples, enhancing its deep feature extraction capabilities.
In the subsequent meta-training stage, the AML framework
applies classical meta-learning techniques to adapt to few-
shot scenarios and generate a generalized model. This dual-
stage pre-training process accelerates the convergence of the
backbone model, significantly reducing both computational
and time overhead

Finally, to empower OneSense with the ability to process
the samples with varying dimensionality, we integrate a spatial
pyramid pooling (SPP) component into the backbone model.
This component segments the feature maps generated by
the convolutional layer into spatial bins using multi-level
pooling, effectively capturing both fine and coarse features.
The results from all pooling levels are concatenated to form
a fixed-length feature vector for the FC layer. This retains
more contextual information and minimizes information loss,
thereby improving feature extraction. Additionally, now that

the backbone model can adapt to dynamic input sizes, we
develop a data cropping method tailored to the characteristics
of human gestures. This method focuses on retaining only
the most representative features of the gesture within the CSI
sample. The subsequent experiments cobfirm that the data
cropping and dynamic size-adaptive model work in tandem to
not only improve the compatibility with ISAC but also enhance
the recognition performance.

We build a prototype of OneSense and conduct extensive ex-
periments to evaluate its performance across four real environ-
ments. The results indicate that OneSense achieves a high one-
shot recognition accuracy of 94.7%, surpassing existing WiFi-
based few-shot gesture recognition approaches. A robustness
study reveals that the recognition performance of OneSense
remains satisfactory when facing varied environments, user
locations, and user orientations. A case study in ISAC context
indicates that OneSense can accommodate to irregular data
traffic while exhibiting better performance than conventional
interpolation-based solutions. Further experiments over four
open-source datasets highlight the superiority of our data
cropping method dynamic size-adaptive sensing model. Ad-
ditionally, the proposed AML framework reduces the pre-
training time cost by over 86% compared to conventional
meta-learning approaches.

The contributions of this paper are summarized as follows:

e« We propose OneSense, the first WiFi-based one-shot
gesture recognition system capable of adapting to natural
size-dynamic CSI in ISAC context.

o We design a data enrichment algorithm based on signal
propagation laws to expand the training dataset, signifi-
cantly reducing the manpower and time overhead of real
data collection.

e We propose AML framework to enable efficient and
scalable FSL. This framework holds great potential for a
wide range of sensing tasks, such as person identification.

o« We conduct extensive experiments in real-world envi-
ronments, and the results demonstrate that OneSense
achieves 94.7% one-shot gesture recognition accuracy.
Additionally, OneSense exhibits robustness to variations
in environment, user location, and user orientation.

II. RELATED WORK

This work is primarily concerned with two types of tech-
niques: gesture recognition and FSL.

A. Gesture Recognition

Gesture recognition is a critical and active research area
that enables a wide range of applications, such as smart
shopping [17] and virtual reality [5]. Traditional gesture
recognition approaches typically rely on cameras [18], [19],
wearable devices [20], [21], or sonars [22], [23]. Although
these approaches achieve high recognition accuracy, they also
have inherent limitations. Camera systems depend on optimal
lighting and clear lines of sight, which raises privacy concerns.
Wearable devices, while providing on-body sensing, can be
cumbersome for users. Sonar-based solutions are limited by
their effective sensing range. To overcome these challenges,
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researchers have explored the use of WiFi signals for gesture
recognition [5], [24]-[35]. WiFi-based sensing offers several
compelling advantages, including enhanced privacy, robustness
to occlusion, and a larger sensing range [36]-[43]. Most
importantly, WiFi sensing can leverage existing communi-
cation infrastructure, making it a promising candidate for
integration into current communication systems for widespread
deployment.

Existing WiFi-based approaches typically extract features
from CSI and map them to gesture classes using deep learning
models. However, they face two significant challenges that
hinder practical implementation. First, these methods require
extensive training data to establish the association between
CSI and gesture classes, leading to considerable data col-
lection overhead. Additionally, they necessitate that model
inputs maintain a consistent size. Given the variability in
data packets, achieving a uniform size for all CSI samples
is challenging. In recent years, some WiFi-based studies
have explored few-shot gesture recognition, aiming to identify
gestures with only a limited number of labeled samples [13],
[44]-[46]. However, these approaches still encounter high
overhead and suboptimal accuracy. For instance, OneFi [13]
employs virtual sample generation and transfer learning to
achieve few-shot recognition of unseen gestures. Nonetheless,
this method requires estimating velocity distributions from CSI
using at least three receivers, making it both time-consuming
and resource-intensive. Another solution, WiGr [46], utilizes a
modified prototypical network to enhance recognition perfor-
mance in few-shot scenarios. However, when the number of
gesture classes changes, WiGr must re-train the entire model
from scratch, leading to additional computational overhead.
Furthermore, the one-shot recognition accuracies of existing
methods [47], [48] are low (falls short of 90%), rendering them
not ready for practical application. Also worthy of attention is
the fact that existing literature lacks investigations into size-
dynamic gesture recognition within communication contexts.

To address these challenges, we propose OneSense, a WiFi-
based one-shot gesture recognition approach that can be
seamlessly integrated into communication systems. OneSense
tackles the overhead and accuracy issues encountered in ex-
isting few-shot methods through virtual gesture generation
and innovative deep learning framework designs, offering a
promising solution for real-world deployment. Additionally,
our deep learning framework incorporates a SPP component,
enabling the backbone model to adapt to varying sample sizes.
We also develop a data cropping method that retains the
most representative segments of the signal, further enhancing
recognition performance while minimizing the computational
overhead.

B. Few-shot Learning

FSL aims to enable models to learn from a minimal number
of labeled samples, often just one or a few per class, making
it particularly valuable in situations where data collection is
costly or impractical. Existing FSL methods can be categorized
into four main types [49]: data augmentation [50], [51],

transfer learning [52], [53], multimodal learning [54], [55],
and meta-learning [56], [57]. Data augmentation enhances
the data distribution by simulating various scenarios through
either metric-based or generative techniques. However, when
the available data samples are limited, the model struggles
to accurately assess the true data distribution based solely
on a small number of samples, leading to bias and a ten-
dency to overfit. Transfer learning primarily relies on pre-
training and fine-tuning to leverage knowledge from extensive
auxiliary datasets. However, its effectiveness can diminish in
the absence of relevant domains or large auxiliary datasets.
Multimodal learning aims to integrate different forms of
information, such as text, images, and audio, to address the
challenge of limited useful information in real-world applica-
tions of FSL. Yet, effectively combining data from various
modalities remains a significant hurdle in supporting FSL.
Currently, meta-learning is recognized as the leading strategy
for tackling FSL challenges. It enables models to quickly adapt
to new tasks by utilizing knowledge gained from previously
learned tasks, enhancing generalization and efficiency with
limited data. During the training of the meta-learner across
a range of tasks, it samples not only from the data space but
also from the task space itself. By continually adjusting to the
specifics of each individual task, the network develops a more
abstract learning capability.

Given these advantages, we apply meta-learning to achieve
few-shot gesture recognition. However, pre-training the meta-
learner is often time-consuming and computationally intensive.
To address this issue, we propose a novel FSL framework
called aug-meta learning, which significantly reduces compu-
tational costs and accelerates training without compromising
inference performance.

III. PRIMER

We achieve few-shot gesture recognition using WiFi CSIL
This section begins by providing some foundational knowl-
edge about WiFi CSI, followed by an introduction to the
principles of FSL.

A. WiFi CSI

Current WiFi-based sensing techniques primarily rely on
extracting CSI from WiFi packets [58]. WiFi CSI represents
the channel frequency response of each OFDM subcarrier [59],
capturing how WiFi signals propagate from the transmitter
to the receiver after undergoing amplitude attenuation, phase
shifts, and the addition of noise at the physical layer [60].
Each CSI entry with carrier frequency f. at time ¢ can be
formulated as:

K
H(fe,t) = ap(t)e 720m®) 4 N (1)
k=1
where K is the number of multipaths. ay and 7 are the
amplitude attenuation factor and propagation delay for the k-th
path, respectively. IV is the additive white Gaussian noise.

These K paths can be categorized into two types: static
and dynamic. The static paths encompass direct propagation
from the transmitter to the receiver, as well as reflections from
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stationary objects in the environment. In contrast, dynamic
paths involve reflections from moving objects. Accordingly,
each CSI entry can also be divided into a static component,
denoted as H,(f.), and a dynamic component, represented
as Hy(f.,t). Taking into account the additional phase offsets
introduced by hardware and software errors, the estimated raw
CSI entry can be expressed as:

H(f.,t) = (Hs(fe) + Hd(fc’t))eje(fc,t) N 2

where ¢79(/<:!) represents the random extra phase offset, which
encompasses timing alignment offsets, sampling frequency
offsets, and carrier frequency offsets.

In the context of human gesture recognition, the movement
of the human body induces variations in the amplitude and
phase of the CSI multipath channels, particularly in dynamic
scenarios. Consequently, we can extract gesture-related dy-
namic features from the CSI to enable WiFi-based gesture
recognition.

B. Meta-Learning

WiFi-based gesture recognition systems typically utilize
supervised learning to map features extracted from CSI into
gesture classes. This approach necessitates that users collect
a substantial number of samples for each class, which can
be labor-intensive. To address this challenge, we implement a
meta-learning-based FSL techniques to minimize data collec-
tion efforts.

In meta-learning approach [61], the learning problem is
organized into a series of N-way K-shot tasks {7} }]_,, where
N represents the number of classes, K indicates the number
of samples available for each class, and I/ denotes the total
number of tasks. Each task 7; comprises a support set .S; and
a query set ;. The support set .S; provides a limited number
of labeled samples to train the model, while the query set Q;
is used to evaluate the model’s performance after training on
S;. The support set S; consists of N x K samples, with NV
classes randomly selected from the dataset and K samples
drawn for each new class. The query set (); contains samples
from the same NN classes as in \S;, but with different instances.
By structuring the learning process around these tasks and
training the model on various combinations of classes and
sample, FSL enables the model to generalize effectively and
make accurate predictions on new tasks with limited labeled
data.

In this work, we focus on minimizing the data collection
overhead to achieve one-shot gesture recognition using meta-
learning techniques. Moreover, we introduce AML, a novel
FSL framework, to further alleviate the computational de-
mands associated with traditional meta-learning methods.

IV. SYSTEM OVERVIEW

This paper proposes a one-shot ISAC-friendly WiFi-based
gesture recognition system, namely OneSense. As shown in
Fig. 1, OneSense primarily consists of four modules: data
collection, data pre-processing, data enrichment, and gesture
recognition. The deployment of OneSense can be divided
into two phases: bootstrapping phase (developer edge) and
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Fig. 1: Architecture of OneSense.

deployment phase (user edge). Our key idea is that, the
developers pre-train a recognition model based on the pre-
collected samples (base gestures) as well as the virtual ones
to initialize the system. Then, on the user edge, only a few
labeled samples are required to fine-tune the pre-trained model
for deployment on the customized task (unseen gestures).
Bootstrapping phase. In this phase, OneSense aims to pre-
train a feature extractor that serves as the foundation for one-
shot recognition. Specifically, OneSense begins by collecting
a batch of CSI samples of seen gestures to create a base
dataset in the data collection module. The data pre-processing
module then eliminates gesture-irrelevant components (e.g.,
noise) from the raw CSI measurements. With the cleaned
CSI data, OneSense extracts Doppler frequency shift (DFS)
as environment-independent gesture features. Next, in the
data enrichment module, OneSense employs a virtual gesture
construction algorithm to generate a large quantity of samples
of virtual gestures based on the base dataset. Thereafter,
OneSense perform data cropping to improve the feature promi-
nence. Finally, in the gesture recognition module, OneSense
trains the feature extractor using both the virtual dataset and
the base dataset through AML.

Deployment phase. In this phase, OneSense develops an accu-
rate classifier for unseen gestures. Specifically, OneSense first
collects a single sample for each unseen gesture in the data col-
lection module. The collected samples then undergo the same
pre-processing as in the bootstrapping phase. Following this,
OneSense leverages the feature extractor pre-trained during the
bootstrapping phase and attaches a classifier to it. OneSense
fine-tunes the classifier using the pre-processed samples of
unseen gestures, resulting in a model capable of accurate
one-shot recognition for these gestures. After that, OneSense
can monitor the WiFi traffic in off-the-shelf communication
contexts and perform real-time gesture recognition.

V. DATA PRE-PROCESSING

This section describes how OneSense removes gesture-
irrelevant components from raw CSI measurements and ex-
tracts environment-independent DFS as gesture features. For
clarity, we illustrate this process using three randomly selected
subcarriers, as depicted in Fig. 2.

A. Data Cleaning

As mentioned in Sec. III-A, raw CSI measurements
(Fig. 2(a)) contain many components irrelevant to the ges-
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Fig. 2: Effectiveness of signal pre-processing.

ture information, such as phase offset, static components,
and noise. These elements can degrade gesture recognition
performance. To mitigate their effects, we employ a series of
signal processing techniques to clean the raw CSI, including
conjugate multiplication [62], frequency-based filtering, and
principal component analysis (PCA) [63].

Conjugate multiplication. The slight out-of-sync between
the transmitter and receiver can introduce a time-varying
random phase offset e7(/<¥) (Eq. 2). Fortunately, since the
antennas on the same receiver share the same RF oscillator,
their phase offsets can be considered consistent. Based on
this characteristic, we can eliminate such phase offset by
performing conjugate multiplication between the CSI of two
antennas on the same receiver, as illustrated in Fig. 2(b).
Frequency-based filtering. In addition to the phase offset,
the received CSI also contains static components and white
Gaussian noise. To eliminate their influences, we first apply
high-pass filtering (with a 2 Hz cut-off frequency) to remove
low-frequency components caused by static paths. Next, we
perform low-pass filtering (with a 60 Hz cut-off frequency)
to eliminate high-frequency noise. As shown in Fig. 2(c), the
filtered CSI traces become smoother.

PCA. Ultimately, we apply PCA to the filtered CSI and extract
the first principal component. This not only enhances the
prominence of gesture-related features but also reduces any
remaining noise. As shown in Fig. 2(d), the CSI after PCA is
much cleaner. The envelope—representing the variation trend
of the CSI profile—becomes clearer, enabling OneSense to
extract representative and high-quality gesture features.

B. DFS Extraction

Due to the multipath effect, CSI measurements are influ-
enced not only by the dynamics of the human body but
also by the surrounding environment. As a result, the CSI
profiles of the same gesture collected in different environments
may vary. Furthermore, a gesture recognition model trained
in one environment may perform inadequately in another. To
address this issue, we choose to extract DFS from the CSI
as gesture features. Since DFS is environment-independent, a

Line-of-Sight

Fig. 3: WiFi signal propagation model in physical world.

model based on DFS can maintain robust performance across
different environments. In the following sections, we will
demonstrate how to extract DFS from WiFi CSI in accordance
with the Doppler effect [64].

A scenario of WiFi-based human gesture recognition is
shown in Fig. 3. If we consider the target user O as a point,
the motion of O will induce a frequency change between the
transmitter 7'z and the receiver Rz, due to Doppler Effect.
Such frequency variation is referred to as DFS, which can be
calculated by:

Ip=—fo= (COS( — ag) + cos(f — ar)) 3)

where fj is the frequency of the WiFi signal transmitted by
Tz, v is the speed of the target user, c is the speed of light,
ar is the angle of departure (AoD), and ap is the angle of
arrival (AoA).

However, in reality, a human body cannot be simply rep-
resented by a single point, especially in near-field scenarios
where the distance between the human subject and the trans-
mitter/receiver is short. In fact, different body parts generate
varying velocity components, resulting in distinct DFS. To
address this issue, we introduce the Doppler spectrogram as a
means to represent the intensity of DFS components over time,
encompassing the entire body. The Doppler spectrogram can
be estimated from CSI measurements using time-frequency
analysis techniques, such as the short-time Fourier transform
(STFT). Hence, after data cleaning, we first apply STFT to
derive the Doppler spectrogram from the CSI, and then select
the portion of the spectrogram that best reflects the dynamics
of the human body as input for the subsequent sensing model.

Specifically, let x(¢) be the time-series CSI data and w(t)
represent a window function in STFT. The Doppler spectro-
gram at a particular frequency f and time ¢ can be obtained
by calculating the square of the STFT magnitude, expressed

T | [Laome

Next, we retain the portion of the spectrogram that best
captures the Doppler shift, specifically the range of frequencies
between [-60Hz, 60Hz] [13]. The resulting Doppler spectro-
gram, illustrated in Fig. 4(a) and (b), offers valuable insights
into human body movements.

2
— ) *Tdr]| (4)
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C. DFS Cropping

While the DFS can provide a wealth of gesture features,
directly using the DFS matrix as input for the subsequent
recognition model presents two problems. First, as illustrated
in Fig. 4(a) and (b), certain frequencies exhibit low en-
ergy (blue areas). Feeding the entire DFS matrix into the
recognition model thus wastes computational resources and
time. Second, since different gestures may occupy distinct
frequency ranges, retaining the full frequency range (i.e., [-
60Hz, 60Hz]) for each gesture class can obscure the unique
frequency characteristics of individual gestures, ultimately
limiting recognition performance. To enhance computational
efficiency and improve recognition accuracy, we propose a
DFS cropping method that focuses on the most prominent
frequency components.

Specifically, before calculating the DFS, we first identify
most significant frequencies based on their power. More
specifically, we begin by computing the power spectrum P(f)
of the signal x(7), defined as:

2

P(f) = ‘/Oo :E(T)eﬂm‘frdT : 5)

where P(f) represents the power spectrum at frequency f and
7 is the time variable. Next, we establish a threshold 7" to filter
out less significant frequencies:

T =k -max(P(f)) (6)

Here, k is a factor less than 1 (for instance, 0.2) to select the
sufficiently strong frequencies. Subsequently, we define the set
of selected frequencies ficlected aS:

fse]ected = {f | P(f) > T} (7N

This set includes all frequencies where the power exceeds the
established threshold. Finally, we perform the STFT only for
the frequencies in the selected set:

2
S(fit) = ’ffooo o(T)w(t —7)e 2™ 7dr| if f € fielected
discard otherwise
®)
The above method ensures that only significant frequency
components are analyzed, enhancing the efficiency and per-

formance of OneSense.

VI. DATA ENRICHMENT

As mentioned in Sec. III-B, users must prepare a dataset
containing a diverse range of gesture classes to pre-train the
model when employing meta-learning for one-shot recogni-
tion. Collecting real gesture samples in physical world is
laborious. To tackle this problem, Xiao et al. [13] propose
generating virtual gestures by simulating the rotation of real
gestures in a two-dimensional plane, i.e., altering the orienta-
tion of the original gestures. While this approach does increase
the size of the support set, it does not fundamentally introduce
new gesture classes; a virtual gesture remains identical to the
real gesture from which it is derived. Consequently, this virtual
gesture generation scheme may lead the model to confuse

gestures from the same class—albeit with slightly different
orientations—for distinct classes.

In this section, we propose a novel virtual gesture synthesis
method to generate new gesture classes that have not been
explicitly observed during data collection. A virtual gesture
sample is a synthesized gesture that retains the temporal char-
acteristics and movement patterns of multiple source gestures
while introducing new combinations. For instance, if we have
source gestures ‘L’ and ‘I’, we can connect them to create a
virtual sample ‘LI’. However, achieving an effective synthesis
is difficult, as directly concatenating multiple real gestures
presents several limitations: (1) Taking two source samples
as examples, splicing them nearly doubles the duration of the
generated sample, resulting in temporal differences. In this
case, the model tends to distinguish between the gestures based
on the duration differences, overlooking their intrinsic features.
(2) If we discard half of each source sample before concate-
nation, the duration of the new sample remains relatively un-
changed, but essential gesture information is lost, violating the
physical laws of signal propagation. (3) Simply combining two
samples fails to introduce new velocity distributions, limiting
the recognition model’s ability to extract features effectively.
To address these issues, we propose a solution that offers
three key benefits: it approximately maintains the duration of
new samples, adheres to physical laws, and introduces new
velocity distributions. The core idea of our virtual gesture
generation method is to accelerate the samples from multiple
real gesture classes in accordance with the principles of the
signal propagation and then combine them to create a new
class.

Gesture acceleration. To shorten the duration of the sample
and introduce new velocity distributions, we accelerate gesture
samples based on the physical laws of signal propagation. For
a source sample of a base gesture, if we accelerate it to only %
of the original time, the position of the moving target at time
t after acceleration will correspond to its position at time nt
before acceleration. Thus, we establish the following relations:

Sace(t) = s(nt), Buec(t) = 0(nt),
ag,,,(t) = ar(nt), or,,(t) = ar(nt),

€))

where s, 0, ag, and ap represent the passed distance, moving

direction, AoA, and AoD of the source sample, respectively.

The terms Sqcc, Gaces QR,,., and ar,,. correspond to these

measurements after acceleration. Consequently, the velocity

at time ¢ after acceleration can be calculated as follows:
dsgee(t ds(nt ds(t

_ swelt) _dstun) _ds(t)

dt dt dt

By combining this equation with Eq. 3, we can determine the

DFS of the accelerated gesture at time ¢:

Uacc(t)
C

Vace (t)

(10)

IDace (t) =—fo (COS(9a00<t) — QR (t))
+ COS(Qacc(t) — QT e (t)))
_ g, nevnt) _
=—fy (cos(0(nt) — ar(nt))
+ cos(0(nt) — ar(nt)))
=n- fp(nt)

1L
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Algorithm 1 Virtual gesture generation by accelerating two
real samples.

Require: Source gesture samples S4(f,t) and Sg(f,t)
Ensure: Virtual gesture spectrogram Sa.5(f,1t)

1: Step 1: Gesture Acceleration

2: for each source gesture G € {A, B} do

3:  for each time step ¢ € [0,7] do

4 Compute accelerated spectrogram: Sg, . (f,t) =

Sc(f/2,2t)

5:  end for

6: end for

7: Step 2.1: Frequency Alignment

8: Determine the maximum frequency range: Fi.x =
max(Fa, F)

9: for each source gesture G € {A, B} do

10:  if Fg < Fhax then

11 Pad S¢,..(f,t) in frequency domain to match Fiax

12 end if

13: end for

14: Step 2.2: Virtual Gesture Generation
15: for each time step ¢ € [0,7] do

16: if0<t< T then

17: Savs(fit) = Sa(f/2,2t)

18:  else

19: SA+B(fat) :SB(f/272t_T)
20:  end if

21: end for

22: return Sup(f,t)

Let denote the Doppler spectrogram of the source sample
as S(f,t), where f € [-F,F], t € [0,T]. Then, for the
accelerated gesture, the Doppler spectrogram can be expressed

as:
Sucel 1) = S(L ),

(12)
where f € [-nF,nF] and t € [0, L].

Virtual gesture generation. Thereafter, we merge the ac-
celerated real samples to create virtual samples. Since DFS
cropping may cause inconsistencies in the frequency-domain
dimension, we apply padding before concatenation to ensure
that all real samples have the same number of frequency
components. As shown in Alg. 1, when synthesizing a new
gesture from two source gestures, A and B, we can generate
the Doppler spectrogram sample of the virtual gesture A+B
as follows:

Sa
Sp

<t

Sl

il 2t) 0<t< )
+ b)) =
aeslf ,%—ﬂ L<t<r

= N[

The process outlined above illustrates how to generate a
single virtual gesture using two real gestures. In fact, this
method can be easily extended to incorporate more than two
real gestures. Theoretically, users can create an infinite number
of virtual gesture classes, along with corresponding virtual
samples, to enrich the training set. Figure 4(c) displays the
Doppler spectrograms of a virtual gesture synthesized by two
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Fig. 4: Generating Doppler spectrograms of virtual gesture (c)
by combining real ones (a) and (b).
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Fig. 5: Aug-meta learning framework.

source gestures shown in Fig. 4(a) and (b), demonstrating the
effectiveness of our virtual gesture generation approach.

VII. AUG-META LEARNING

OneSense aims to leverage meta-learning for one-shot
recognition of unseen gestures. However, we have observed
that the pre-training phase in meta-learning introduces signifi-
cant time costs and computational overhead. In this section, we
present a new FSL framework called AML, which enables ef-
ficient and rapid pre-training while ensuring high performance
in one-shot gesture recognition’.

As illustrated in Fig. 5, our AML framework consists of
three stages, namely aug-training, meta-training, and fine-
tuning. The key idea is that: in the aug-training stage, AML
enhances the backbone model’s deep feature extraction ca-
pabilities through traditional supervised learning using virtual
gestures. Next, during the meta-training stage, AML pre-trains
the backbone model employing a meta-learning technique on
real collected gestures, thereby improving the model’s gener-
alization and adaptability in few-shot scenarios. Finally, in the
fine-tuning stage, AML fine-tunes the pre-trained model with
samples of unseen gestures to improve its ability to recognize
these new gestures. The backbone model is composed of a
feature extractor followed by a classifier. In the following, we
will detail the three stages of the AML learning framework
and then elaborate on the architecture of the backbone model.

'We theoretically analyze the superiority of AML compared to traditional
meta-learning, in Appendix A.
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TABLE I: Details of the gesture classes considered in the evaluation. (CCW means counterclockwise.)

Draw 1’ Draw 2’ Draw °3’ Draw 4’ Draw °5’
Base Draw °6’ Draw °7’ Draw ’8’ Draw ’9’ Draw °0’

Gestures Draw ’0” (CCW) Draw "U’ Draw "U’ reverse Draw "N’ Draw "N’ reverse

Swing left and right | Swing right and left Draw Rectangle Draw Rectangle (CCW) Dig
Push and Pull Sweep Slide Clap Draw zig-zag

Unseen Draw Triangle Draw ’a’ Draw ’b’ Draw ’c’ Draw °d’
Gestures Draw ¢’ Draw °’f’ Draw 'g’ Draw 'h’ Draw 1’
Draw °j’ Draw ’k’ Draw T’ Draw 'm’ Draw 'n’

A. AML Framework

1) Aug-training: In the aug-training stage, we pre-train a
feature extractor fp and a classifier ¢, using the generated
virtual dataset Dy through classical supervised learning.
We begin by randomly initializing the parameters of fy and c,,.
Next, we optimize the parameter sets # and w by minimizing
the following loss function:

1
‘E‘Dvmual(95 OJ) = |D it 1| Z
virwal |-

z,) € Dyira

Wew(fo(x)),y)  (14)

where [ represents the cross-entropy loss [65]. = and y denote
a gesture sample and its corresponding label, respectively.

After pre-training, the feature extractor will acquire the
capability of deep feature extraction. Since the number of
virtual gesture classes may differ from that of the dataset used
for meta-learning in the next stage, the classifier c,, will be
discarded after aug-training.

2) Meta-training: In the meta-training stage, we employ
FSL techniques to sample a set of n-way 1-shot tasks {7;}/_;
from the real collected dataset, i.e., the base dataset Dy,... Here
the integer n can be selected from the interval [2, Npyse], where
Npase 18 the number of classes in Dy, We begin training by
loading the parameters of the feature extractor fy pre-trained in
the previous stage, while randomly initializing a new classifier
¢ For each task T; = (S;,Q;), we optimize the parameters
¢ using the support set .S;, by minimizing the loss Lg, (6, ¢).
Similar to Eq. 14, the loss Lg, (0, ¢) is calculated as follows:

LS Ueslfol@)), )

(z,y)€S;

Ls,(0,0) (15)

1S4

During the above optimization process, we do not update the
model parameters directly. Instead, we record the optimized
parameters as ¢; for each task 7. Then, we calculate the loss
on the query set ; using the optimized parameters ¢;, denoted

as L, (0, di)-

Once we have completed training on all the tasks in
{T:}L_,, we proceed to adapt the parameter sets 6 and ¢ of
the model. This is achieved by minimizing the accumulated
loss Zle Lg,(0, ¢;). This stage updates the feature extractor
to learn superior representations from real-world samples, en-
hancing its ability to handle few-shot scenarios. The optimized
feature extractor will be directly used in the subsequent stage,
while the classifier will be discarded once more.

3) Fine-tuning: In the final stage, we generate an Nypseen-
way 1-shot support set S from the dataset Dypseen, Where
Nunseen Tepresents the number of classes in Dypseen. This
support set consists of only one labeled sample for each unseen
class. We begin by loading the pre-trained feature extractor
fo from the previous stage and fixing its parameters. Then,
we attach a new classifier ¢, to the tail of fy and fine-tune
it using the one-shot support set S. After fine-tuning, the
feature extractor and classifier collaborate to recognize unseen
gestures with high accuracy.

B. Dynamic Size-Adaptive Backbone Model

Traditional deep learning-based gesture recognition models
employ fully connected (FC) layers to map extracted gesture
representations to the confidence scores of each gesture class.
In OneSense, the FC layer serves as the classifier. However,
due to the fixed number of neurons in the FC layer, it can only
accept size-consistent feature maps as input. When integrating
OneSense into communication systems, the unevenness of
the packets leads to changes in the duration of the DFS.
Additionally, our data cropping method in Sec. V-C results
in a variable dimension of the frequency. Consequently, the
feature extractor cannot maintain a size-fixed feature map for
the FC layer. To address this issue, we design a dynamic size-
adaptive backbone model to ensure OneSense’s compatibility
with existing communication systems.

As illustrated in Fig. 6, the backbone model consists of a
feature extractor and a classifier (i.e., FC layer). The feature



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

extractor includes three convolutional layers with channel
counts of 16, 32, and 64, and kernel sizes of (3, 5), (4, 4), and
(4, 4), respectively. To provide a length-fixed representation
for the classifier, we integrate a SPP component after the last
convolutional layer. SPP divides the feature map into multiple
levels of sub-regions; for instance, the first layer might create
1 x 1 regions, the second layer 2 x 2, and the third layer
4 x 4. Within each region, SPP performs pooling operations
(such as max pooling), aggregating the features into a single
value. This ensures that the resulting feature vector maintains
a consistent dimension, enabling effective processing in the
subsequent FC layer and ultimately yielding a fixed-length
feature representation

v = [POOllxl(FM)7POO]QXQ(FM),P0014X4(FM)] 5 (16)

where v represents the size-fixed gesture representation and
FM is the output of the last convolutional layer. Through
multi-level pooling, SPP captures features at various sizes
and scales, enhancing the model’s adaptability and accuracy
in complex gesture recognition scenarios. This design allows
OneSense to be seamlessly integrated into off-the-shelf com-
munication environments, achieving accurate one-shot sensing.

VIII. EVALUATION

This section presents the real-world implementation and
evaluation results of OneSense.
Experiment setup. We conduct experiments in four environ-
ments, including a laboratory, a dining room, a living room,
and an office, as shown in Fig. 7. Our assessment follows
a widely adopted WiFi sensing setup [5], [13], i.e., utilizing
one transmitter and four receivers to collect data within a
2m x 2m square, all of which are commercial off-the-shelf
(COTS) laptops equipped with Intel 5300 network interface
cards (NICs). The transmitter, which has one antenna, sends
WiFi packets at a rate of 1000 packets per second, while each
receiver is configured in monitor mode with three antennas. We
install the Linux 802.11n CSI Tool [66] to extract CSI from
WiFi data packets. The signals operate within the standard
communication frequency band of 5.54 GHz.
Data collection. We invite 10 volunteers to perform gestures
in our experiments, comprising six males and four females.
We define 40 gestures, as outlined in Tab. I, with 20 serving
as base gestures and the remaining 20 classified as unseen
gestures. Each base gesture is performed at least 30 times,
resulting in a total of over 2900 gesture samples collected.
In the default setting, we use 20 base gestures along with 6
unseen gestures (‘push and pull’, ‘sweep’, ‘slide’, ‘clap’, ‘draw
zig-zag’, and ‘draw triangle’) performed in the laboratory envi-
ronment for evaluation. For K -shot recognition, /K samples are
randomly selected for fine-tuning and the remaining samples
are used for testing.
Metric. We define accuracy to quantify the performance of
gesture recognition. Accuracy reflects the probability that a
sample is correctly recognized and is calculated using the
formula:

Neor
s a7

accuracy = ,
Nai

Tx Rx2 Rx 1 Tx Rx 2 1
o
Rx3 Rx3 ity
Q 2m
~— Person ~ Person
Rx 4 Rx4

Chair

-

(a) Laboratory. (b) Dining room.

Rx1 Tx Rx 2 Rx 1
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»
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(d) Office.

(c) Living room.

Fig. 7: Experiment setup in four environments.

where N, and N,;; denote the number of correctly identified
samples and the number of all tested samples, respectively.

A. Overall Performance

In this part, we conduct three experiments: (1) comparing
OneSense with three existing works; (2) exploring the efficacy
of the training strategies in AML framework; and (3) validat-
ing the effectiveness of the data enrichment.

Comparison with existing works. To highlight the superiority
of OneSense, we compare it with two classical methods
(OneFi [13] and WiGr [46]) and a state-of-the-art (SOTA)
method (CorssFi [67]). Like OneSense, OneFi employs vir-
tual gesture generation for data augmentation, followed by
transfer learning to adapt to unseen gestures. In contrast,
WiGr enhances few-shot gesture recognition by modifying the
prototypical network. Meanwhile, CrossFi leverages a Siamese
network to compare unseen samples with stored templates for
gesture classification. We evaluate its performance using the
publicly available code provided with the original paper. The
accuracies of these methods are presented in Fig. 8. As shown,
OneSense achieves 94.7%, 98.9%, and 99.1% accuracies in 1-
shot, 3-shot, and 5-shot settings, respectively. In comparison,
OneFi achieves 84.2%, 94.2%, and 95.8%, while WiGr attains
81.7%, 92.3%, and 93.9% under the same settings. CrossFi, on
the other hand, achieves 48.4%, 89.8%, and 97.8% accuracies.
These results clearly indicate that increasing the number of
samples for fine-tuning improves performance. More impor-
tantly, OneSense consistently outperforms all other methods
across different shot configurations. Although CrossFi’s 5-
shot accuracy surpasses those of OneFi and WiGr, its 1-shot
accuracy is significantly lower, which could be attributed to
the difficulty of finding an optimal template for the Siamese
network with just a single data collection. Overall, One-
Sense not only surpasses existing methods in performance
but also significantly reduces data collection overhead and
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TABLE II: Comparison with standard few-shot learning.

Method ML TL MB GB OneSense
I-shot accuracy | 81,8% | 65.5% | 64.7% | 29.4% 94.8%
3-shot accuracy | 94.7% | 76.5% | 74.8% | 66.7% 98.9%
5-shot accuracy | 98.0% | 82.7% | 80.0% | 76.7% 99.1%

offers greater flexibility in accommodating unseen gestures.
Furthermore, when the data is not cropped and the SPP
component is removed from the backbone model, OneSense
achieves 1-shot accuracy of 93.0%. This suggests that the
data cropping method enhances feature prominence, while the
dynamic-size adaptive backbone model effectively improves
recognition accuracy.

Efficacy of aug-meta learning. To reduce the time cost
associated with primitive meta-learning without compromising
recognition performance, we propose an AML framework
consisting of two pre-training stages. To evaluate the efficacy
of each stage, we sequentially remove one stage at a time
and recalculate the accuracies under 1-shot, 3-shot, and 5-
shot settings. We refer to these as “w/o aug-train” and “w/o
meta-train”, respectively. The results are presented in Fig. 9.
As observed, regardless of the number of shots, the complete
AML framework consistently outperforms both “w/o aug-
train” and “w/o meta-train”. This demonstrates that both the
aug-training and meta-training stages significantly enhance
few-shot recognition performance. Furthermore, as the train-
ing time of traditional mete learning is much longer than that
of AML (see Sec. VIII-G), our design achieves the best of both
worlds—reducing time cost while maintaining accurate one-
shot recognition.

Effectiveness of data enrichment. Meta-learning would re-
quire the user to prepare a large quantity of samples for pre-
training. To alleviate the data collection overhead, we propose
a data enrichment method to generate virtual classes through
physical modeling. To validate its effectiveness, we evaluate
the few-shot recognition accuracy with the inclusion of O to
380 virtual gesture classes. As shown in Fig. 10, the accuracy

Fig. 12: Effect of no. of unseen classes.
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generally increases with the number of virtual gestures. This
means that data enrichment can effectively enhance the feature
extraction capabilities of the backbone model, resulting in
improved recognition performance.

Comparison with standard few-shot learning. To further
demonstrate the superiority of AML, we compare it with
four standard few-shot learning methods, including meta-
learning (ML) [56], transfer learning (TL) [52], metric-based
method (MB) [68], and generative-based method (GB) [69].
ML leverages base gestures to train a general model, which is
then adapted to unseen gestures using only a few samples.
TL trains a gesture recognition model with strong feature
extraction capabilities on base gestures and fine-tunes only the
final layers on unseen gestures. MB employs relation networks
to learn gesture representations optimized for comparison,
determining labels by computing similarities between unseen
representations and templates. GB utilizes base gestures to
train a generative adversarial network (GAN) that synthesizes
new samples, which are then used to train gesture recognition
models for unseen gestures. Experimental results, presented in
Tab. II, reveal that the GB method performs the worst. This is
likely due to the difficulty of generating high-fidelity DFS with
limited samples of both base and new gestures. In contrast, ML
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and TL achieve strong performance, second only to OneSense.
Notably, OneSense exhibits the best overall performance by
effectively combining the advantages of both ML and TL.

B. Effect of Hyper-parameters

In this part, we examine the impact of the hyper-parameters
in OneSense, including the number of base classes, unseen
classes, as well as receivers.

Number of base classes. OneSense generates virtual classes
by concatenating base classes. In theory, increasing the number
of base classes should result in a greater number of virtual
classes for augmentation during aug-training. To investigate
the impact of the number of base classes, we vary the number
from O to 20 and re-evaluate the performance. The 1-shot,
2-shot, and 3-shot recognition accuracies are presented in
Fig. 11. As observed, the accuracy begins to converge when
the number of base classes reaches 16. Meanwhile, these
results confirm that increasing the number of base classes
indeed leads to higher accuracy.

Number of unseen classes. OneSense leverages fine-tuning
to enable the backbone model to adapt to arbitrary unseen
classes. To investigate how accuracy changes with the number
of unseen classes, we vary the number from 2 to 20. The ex-
perimental results in Fig. 12 show that recognition accuracies
can reach 100% when only two unseen classes are considered.
Generally, the accuracies for 1-shot, 3-shot, and 5-shot settings
decrease as the number of unseen classes increases, which is
expected, as distinguishing among more classes becomes more
challenging. However, the 1-shot accuracy remains above 85%
when the number of unseen classes exceeds 16. Moreover,
the accuracies surpass 95% when more samples (e.g., 3-shot)
are used for fine-tuning. These results suggest that OneSense
demonstrates exceptional scalability to new gestures.
Number of receivers. In our default setting, four receivers are
used to capture WiFi packets, providing comprehensive cover-
age of the sensing area. Intuitively, increasing the number of
receivers should improve recognition performance. To validate
this hypothesis, we test OneSense with different numbers of
receivers, ranging from 1 to 4. The resulting accuracies are
shown in Fig. 13. It can be observed that OneSense achieves
the lowest accuracy when only one receiver is used, but it still
exceeds 90%, demonstrating the high flexibility of OneSense
in terms of transceiver deployment. As expected, accuracy
improves with the addition of more receivers. Interestingly,
the accuracies with three receivers are lower than with two
under 3-shot and 5-shot settings. This may be due to that the
superposition of the signals between two receivers interfere

Fig. 16: Cross-location performance.

Fig. 17: Cross-orientation performance.

each other, which could diminish the gesture features. Overall,
while using more receivers generally leads to higher accuracy,
even a single receiver can achieve acceptable performance.

C. Cross-domain Assessment

In practice, OneSense could be pre-trained by the developer
in one domain and fine-tuned by the user in another. In this
part, we evaluate the cross-domain performance of OneSense.
The domains include three types: (1) four environments in
which OneSense is deployed, as illustrated in Fig.7; (2) six
user locations shown in Fig.14; and (3) six user orientations
relative to the transmitter, as depicted in Fig. 14.
Cross-environment evaluation. As mentioned previously, we
collect data in four different environments: laboratory, dining
room, living room, and office, labeled as Env 1, 2, 3, and
4, respectively. In this experiment, the backbone model is
pre-trained using data from Env 1 and tested on data from
all four environments (Env 1, 2, 3, and 4). The experimental
results, shown in Fig. 15, demonstrate that a greater number
of fine-tuning samples leads to higher accuracy. Although the
training and testing data come from different environments,
OneSense achieves accuracies above 94%. This is rational, as
the gesture features extracted from WiFi CSI are environment-
independent DFS, which remain consistent across different
environments. Additionally, fine-tuning helps the backbone
model accommodate to new environments. Thus, OneSense
exhibits excellent cross-environment recognition performance.
Once the pre-training is completed by the developer, the
system can be deployed in any environment with minimal cost
for fine-tuning.

Cross-location evaluation. To investigate the effect of user
location, we pre-train the backbone model using data collected
at the first location and test it on data from all six locations
(Loc 1 to Loc 6). The 1-shot, 3-shot, and 5-shot accuracies
are shown in Fig. 16. As expected, accuracy increases with
the number of shots. However, the differences between the
training and testing locations negatively impact the recognition
accuracy. Despite this, the 1-shot accuracy at any location
remains above 86%. Fine-tuning allows the backbone model
to adapt to new locations, significantly enhancing the usability
of OneSense in real-world scenarios.

Cross-orientation evaluation. To understand how the changes
in orientation affect the recognition accuracy, we pre-train
OneSense with data collected when the user is facing the
transmitter (Ori 1) and test it on data from all orientations (Ori
1 to Ori 6). The experimental results are shown in Fig. 17. As
observed, the accuracies across all orientations exceed 94%.
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Similar to the cross-location evaluation, fine-tuning enables the
backbone model to accommodate to new orientations. This
flexibility allows users to choose their orientation freely in
practical implementations.

D. Case Study

To enable seamless integration of WiFi sensing into off-
the-shelf communication systems, we propose OneSense to
alleviate the data collection overhead and adapt to fluctuating
data traffic. In this part, we conduct a case study to evaluate
the effectiveness of OneSense in a communication setting.
Specifically, we replicate an ISAC setup introduced in [70]
for data collection, where a WiFi router keeps communicating
with some terminal devices (e.g., smartphone and computer)
and a US RT-AC86U Router measures the CSI. Twelve vol-
unteers (eight males and four females) are asked to perform
four activities described in WiFall [28], including sitting down,
standing up, walking, and falling. The start and end of each
activity are detected by comparing the amplitude variance
against a predefined threshold. We collect a total of 4875 CSI
samples across three environments (laboratory, living room,
and office). Due to irregular network traffics and varying
gesture durations, the packet counts in each CSI sample—i.e.,
the number of sampling points in the temporal domain—range
from 156 to 1,737.

1) Overall Performance: To tackle the problem of di-
mensional variance, traditional approach usually adopt inter-
polation [71]. Here, we compare OneSense with traditional
approach, in which all CSI samples are interpolated to have
the same dimension in time (i.e., the largest packet count)
without data cropping. The experiment results under three
environments are shown in Fig.18. It can be observed that our
approach can achieve 97.1%, 98.1%, and 97.7% accuracies
in laboratory, living room, and office, respectively, while
traditional method only achieves 92.9%, 93.8%, and 93.5%
accuracies, respectively. These differences can be attributed
to two key factors. On one hand, although the interpolation
allows conventional deep learning models to perform ges-
ture classification, the “predictive” elements introduced by
interpolation may not accurately represent gesture features.
Even worse, this could distort the original features, leading to
performance degradation. On the other hand, our data cropping
method enhances the prominence of gesture features, and the
dynamic size-adaptive recognition model makes full use of
these features, resulting in higher accuracy. Additionally, it
can be found that the accuracies of different environments are
similar to each other. These results suggest that the design of
OneSense, particularly the data cropping and dynamic size-
adaptive backbone model, not only enhances compatibility
with ISAC but also improves recognition accuracy, while
maintaining robust performance across diverse environments.

2) Impact of Interference: This work aims to design an
ISAC-compatible gesture recognition system, namely One-
Sense. The most efficient way to implement OneSense is
directly integrating it into existing off-the-shelf communica-
tion infrastructures. However, lots of wireless devices may
coexist in the vicinity of OneSense. In such cases, signals
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TABLE III: Information of open-source datasets.

D Feature No. Class | No. Subcarrier | Transmission Rate
ataset
WiAR [72] 5 30 30 p/s
Widar3.0 [5] 6 30 1000 p/s
SignFi [73] 10 30 100 p/s
XRF55 [74] 10 30 1000 p/s

from surrounding sources can introduce interference into the
DFS or even occupy the same frequency band, potentially
triggering a frequency switch and disrupting sensing. To assess
the impact of such interference, we deliberately introduce five
common types of noise (Gaussian, uniform, Rician, Rayleigh
distributions, and constant bias) at varying magnitudes (0%
to 10%) relative to the maximum energy of the original
signals. As presented in Fig. 19, the introduced interfer-
ence does affect gesture recognition accuracy. However, the
degradation remains within an acceptable range. Even when
the noise level reaches 10% (corresponding to an SNR of
approximately 10 dB), our approach maintains an accuracy
of nearly 90%. These results demonstrate the robustness of
our method in interference-prone environments. If the energy
of the interference noise becomes too severe, OneSense will
switch frequency bands along with the communication system
to find a cleaner channel, ultimately disrupting sensing. This
could be a common limitation of ISAC-oriented WiFi sensing
approaches.

E. Evaluation on Open-source Dataset

To further validate the benefits of data cropping and dy-
namic size-adaptive backbone model, we conduct compara-
tive experiments on four open-source datasets: WiAR [72],
Widar3.0 [5], SignFi [73], and XRF55 [74]. Therein, WiAR
is used as an activity recognition dataset, Widar3.0 and SignFi
are used as hand gesture recognition datasets, and XRF55 is
used as a person identification dataset. We use the portion with
highest accuracy for assessment. Previous WGR studies only
considered ideal conditions, overlooking the impact of irreg-
ular traffic in communication networks. As a result, all CSI
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Fig. 21: Experiments in congested conditions.

samples within each dataset share the same dimensionality.
The dataset details are provided in Tab. III.

To be specific, we evaluate the recognition accuracy under
two data processing settings: (1) “Ours”: copping the data to
highlight the most representative features in the samples and
applying our dynamic size-adaptive model for recognition.
(2) “w/o data cropping and SPP”: preserving the original
dimensionality of all samples and using a backbone model
without the SPP component for recognition. For both set-
tings, we train and test the models using standard supervised
learning with an [80%, 20%] random split of the dataset.
The experiment results in Fig. 20 indicate that the accuracies
of ‘Ours” are consistently higher than those of “w/o data
cropping and SPP” across all datasets. This demonstrates that
our data cropping method effectively enhances the prominence
of features in each CSI sample. Our dynamic size-adaptive
backbone model can handle the dimensionality changes caused
by data cropping. Moreover, the performance improvement in
person identification using the XRF55 dataset suggests that
our solution is applicable to a wide range of sensing tasks.

F. Impact of Congested Environment

This part investigates the impact of congested sensing
environments. As shown in Fig. 21, we first collect data under
four different conditions, using data from Env. 1 for pre-
training. Then, we measure the I-shot accuracy difference
between Env. 1 and the other three conditions. The results
indicate accuracy drops of 1.8%, 2.6%, and 5.0%, respectively,
suggesting that our approach maintains robust performance
under varying levels of congestion. This resilience can be
attributed to the fine-tuning process, which enables the pre-
trained model to adapt to new conditions with just a few
samples, even when occlusions alter the distribution of sensing
information in DFS. However, a higher degree of congestion
leads to a more significant accuracy decrease, as occlusions
can partially obscure sensing information. Thus, while conges-
tion does impact OneSense’s performance, fine-tuning helps
the recognition model accommodate these new conditions
effectively.

G. Time Cost and Complexity

1) Time Cost: The time costs of AML mainly come from
two components: two-stage pre-training and fine-tuning. In this
subsection, we assess the time costs of these two components
based on an NVIDIA RTX 3080 GPU.

Pre-training. The experimental results show that, OneSense
requires only 41.8 seconds for pre-training (including aug-
training and meta-training stages), to achieve a one-shot recog-
nition accuracy exceeding 90%. In comparison, a traditional
meta-learning approach, MAML [15], demands more than 300

TABLE IV: Comparing OneSense with related works.

System OneFi | WiGr | CrossFi OneSense
1-shot accuracy 84.2% | 81.7% 48.4% 94.8%
Interpretability v X X v

ISAC-compatibility X X X v

seconds of pre-training to achieve an accuracy of convergence
(88.3%). It can be found that the delicate design of our AML
framework not only reduces the pre-training latency (86.1%-+
reduction), but also improves the recognition performance.
Fine-tuning. In the use of OneSense, pre-training is done by
the developer, and the user only needs to perform fine-tuning.
As only a classifier with a few parameters needs to be updated
in fine-tuning, the tuning takes only 2.52 seconds. This allows
the backbone model to quickly adapt to new gestures.

2) Complexity: To further evaluate the real-time perfor-
mance of OneSense, we analyze its floating point operations
per second (FLOPs), parameter count, and inference time
for a single unseen sample. Experimental results show that
OneSense requires only ~13M FLOPs, significantly fewer
than BPCloak [75] (~57M), a real-time deep learning-based
behavior privacy preserving method for WiFi sensing. Ad-
ditionally, OneSense has just ~0.486M parameters, which
is substantially smaller than MobileNetV2 [76] (~3.47M), a
lightweight deep neural network that can run smoothly on
mobile devices like iPhone 6s. Furthermore, the backbone
model achieves an inference time of only ~0.02s per sample.
These results highlight the outstanding real-time efficiency of
OneSense.

H. Comparison to Related Works

In this part, we compare OneSense with three related
works (OneFi, WiGr, and CrossFi) in terms of accuracy, inter-
pretability, and ISAC-compatibility. As shown in Tab. IV, only
OneSense achieves over 90% accuracy in the 1-shot setting.
Both OneFi and OneSense offer strong interpretability due to
their theoretical analysis of signal propagation and learning
frameworks. Regarding ISAC-compatibility, only OneSense
can be seamlessly integrated into communication systems, as it
can effectively adapt to uneven WiFi traffic. Overall, OneSense
outperforms existing methods across these key aspects.

IX. CONCLUSION

To enhance the scalability of WGR to new gestures and
improve its compatibility with ISAC, this paper introduces
a novel solution called OneSense. The design of OneSense
begins with a virtual gesture generation method based on a
signal propagation model to enrich the training data. Next,
an AML framework is proposed, which enables scalable one-
shot gesture recognition while significantly reducing model
training overhead. Additionally, OneSense incorporates a data
cropping technique to emphasize key features and a dynamic
size-adaptive backbone model to enhance compatibility with
communication systems. Extensive real-world experiments
demonstrate that OneSense achieves over 94% accuracy in
one-shot gesture recognition. Furthermore, the performance of
OneSense remains stable despite changes in the environment,
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user location, or orientation. A case study highlights the fea-
sibility of OneSense for ISAC applications, while evaluations
on four open-source datasets confirm the advantages of the
data cropping method and dynamic size-adaptive model.

APPENDIX A
THEORETICAL ANALYSIS ON THE EFFECTIVENESS OF
AML FRAMEWORK

In this part, we theoretically analyze the superiority of
our AML framework compared to traditional meta-learning
(MAML), in terms of recognition accuracy and time com-
plexity.

A. Recognition Performance

Firstly, by pretraining with virtual samples, the backbone
model learns better feature representations, reducing the vari-
ance of gradient updates. Let 7 represent the task distribution,
and L7 be the loss function for a given task. The variance of
gradients during training satisfies:

Var(Vy E";Eg'tram) < Var(VoLYAML), (18)

Since virtual samples enrich the training set, this stabilizes the
gradient updates and leads to faster convergence.

Moreover, the generalization ability is improved by incor-
porating additional virtual samples. If we assume the gener-
alization error follows a bound dependent on the number of
training samples m (real) and M (virtual), then:

<0 1/dloﬂ , (19)
m

where d is the model complexity. Since M > 0, the error
bound tightens, leading to better performance on unseen
gestures.

dlog(m + M)

0 m+ M

B. Time Complexity

Traditional mate-learning consists of two stages: meta-
training and fine-tuning. The total complexity is:

O(KNT) + O(KT), (20)

where K is the number of gradient steps per task, N is
the number of tasks in meta-training, and 7' is the time per
gradient update.

Our approach adds a supervised aug-training step but re-
duces required meta-training iterations by starting from a
better initialization. Its time complexity can be represented
as:

O(MT) + O(KN'T"), 1)

where M is the number of aug-training samples (fewer than
K N). As fewer meta-training iterations are needed, we have
N’ < N. Meanwhile, due to faster convergence, we can also
get TV < T.

Since M <« KN and TV < T, AML framework reduces
the training time while achieving better recognition accuracy.
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