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Abstract
Artificial-intelligence–driven WiFi-based human gesture recogni-
tion (HGR) critically depends on high-quality, well-labeled real-
world datasets. However, collecting real WiFi data is labor-intensive
and time-consuming. Data augmentation (DA) has emerged as an
effective strategy to enhance the value of limited real data and im-
prove system generalization. Existing wireless DA methods, how-
ever, either cannot generate samples for new gesture classes or fail
to capture behavioral diversity sufficiently, fundamentally limiting
their scalability to new sensing tasks and augmentation effective-
ness. In this work, we propose SynthFi, a novel DA framework
capable of synthesizing high-fidelity and diverse WiFi data, even
for unseen classes with very few real samples. SynthFi incorporates
two key components: a diversity-inducing factor quantification
method that extracts rich behavioral variation cues from limited
data, and a diffusion-based generative model that produces realis-
tic samples conditioned on diverse behavioral features. Extensive
real-world experiments show that SynthFi can improve recognition
accuracy by 40% through DA, even when only two real samples of
unseen classes are available, outperforming existing solutions.
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1 Introduction
Human gesture recognition (HGR) serves as a core enabler for a
broad spectrum of human–computer interaction (HCI) applications
and gesture-based interfaces, such as virtual/augmented reality,
smart home, and assistive systems [12, 38, 49, 68]. In recent years,
WiFi has been increasingly adopted for arm-levek gesture recogni-
tion due to its advantages of privacy preservation and device-free
interaction. More importantly, WiFi-based HGR can be realized via
ubiquitous communication infrastructures, namely integrated sens-
ing and communication (ISAC) [6, 18, 20, 21, 27–29]. To ensure high
recognition accuracy, existing WiFi-based HGR systems typically
rely on machine/deep learning models to map Channel State Infor-
mation (CSI) to gesture classes. However, their performance heavily
depends on large, well-annotated datasets, the collection and la-
beling of which are both costly and labor-intensive. A promising
way to reduce this burden is data augmentation (DA), where novel
samples are synthesized to enrich the training set [5, 14, 34, 55, 59].

Existing DA approaches for wireless sensing can be broadly
grouped into two categories: sample transformation [39, 50, 65]
and learning-based synthesis [3, 5, 59]. The former methods create
new samples by adding noise to raw samples [50] or combining
multiple samples [39]. However, they often struggle to satisfy the
two essential requirements for synthesized data, namely high fi-
delity and diversity [11]. For example, OneSense [65] produces new
samples by directly concatenating two real samples in the temporal
domain, a process that disregards the physical propagation charac-
teristics of wireless signals and therefore yields unrealistic results
with low fidelity. Meanwhile, transformations applied to existing
samples inherently underperform in expanding the underlying data
distribution, which limits the diversity. In contrast, deep genera-
tive models such as Generative Adversarial Networks (GANs) [59]
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Figure 1: Comparison between prior methods of wireless
sensing data synthesis and SynthFi.
and diffusion models [5] have demonstrated strong capabilities in
producing high-fidelity data by automatically learning complex
propagation patterns of wireless signals.

Nevertheless, as shown in Fig.1, current learning-based methods
suffer from at least one of the following drawbacks:
(1) Restricted scalability. Previous data amplification methods [3,
5] typically rely on predefined categorical labels or auxiliary cues
from other modalities (e.g., video and text [3]) to guide the gen-
eration process. This dependency prevents them from producing
samples for unseen gesture classes. For example, RF-Diffusion [5]
requires an activity label as a conditioning input, which helps avoid
distribution shifts toward irrelevant classes but simultaneously
limit generalization to new gesture categories. Consequently, these
methods cannot generate samples for classes that lack sufficient real
data to train the generative model. Given that gesture requirements
often vary across users and applications, and collecting data for
customized-yet-unseen classes is costly, the scalability of existing
approaches remains inadequate for practical deployment.
(2) Limited diversity. Human motions naturally exhibit varia-
tions across repetitions due to inherent biomechanical and behav-
ioral differences, which lead to substantial diversity in real ges-
ture samples. Capturing this variability typically requires a large
training set to expose the HGR model to rich distributions. How-
ever, existing wireless synthesis approaches [5, 55, 59] such as
CsiGAN [59] primarily focus on coarse-grained cross-domain (e.g.,
cross-user/environment) attributes while overlooking fine-grained
in-domain behavioral cues during synthesis. As a result, the gen-
erated samples lack sufficient diversity, a limitation that becomes
particularly pronounced in HCI scenarios and significantly impairs
the effectiveness of DA.

In this paper, we pose a fundamental question: Is it possible to syn-
thesize WiFi data with sufficient behavioral diversity to improve the
DA effectiveness, even for unseen classes? As a response to this chal-
lenge, we introduce SynthFi, a novel DA framework for WiFi-based
HGR that generates high-fidelity and behaviorally diverse WiFi
data using only a limited amount of real data, as shown in Fig. 1.
With this capability, SynthFi enables the rapid development, evalu-
ation, and deployment of data-efficient and accurate HCI systems.
As a building block for gesture interfaces, SynthFi supports: i) rapid

prototyping and expansion of gesture vocabularies by enabling
low-cost training data generation for new gestures; ii) personalized
gesture interfaces by adapting to user-specific interaction prefer-
ences with minimal data collection; and iii) scalable real-world
WiFi interfaces by reducing the data collection, deployment, and
maintenance overhead.

The foundation of SynthFi stems from a key observation: hu-
man gestures are inherently non-repeatable [45], and this non-
repeatability triggers a cascade of behavioral variations that propa-
gate into the WiFi signals. These variations manifest as differences
among samples belonging to the same gesture class, referred to as
intra-class diversity. Intuitively, factors such as how fast the motion
unfolds over time and how the human limb is positioned relative
to the transceivers play essential roles in shaping this diversity.
To verify this intuition, we construct a signal propagation model
tailored to the HGR scenario and conduct preliminary experiments.
Both theoretical analysis and experimental results confirm that
these physical factors (i.e., motion speed and position) are major
contributors to intra-class diversity. This insight motivates us to
explicitly incorporate them into the data synthesis process, en-
abling SynthFi to generate WiFi samples with substantially richer
behavioral diversity, even for unseen classes.

To empower SynthFi toward fulfilling the aforementioned objec-
tives, we confront the following challenges:
(1) How to quantify the diversity-inducing factors while en-
suring consistency with signal propagation physics? Our the-
oretical and experimental analysis shows that motion speed and
position are key contributors to intra-class diversity, referred to as
diversity-inducing factors (DIFs). Incorporating various DIFs into
data synthesis is essential for improving the diversity of generated
samples. However, assigning arbitrary scalar values for DIFs cannot
faithfully reflect real gesture execution, where these factors vary
over time. The limited spatial resolution of WiFi signals further
complicates accurate speed and position measurement. To address
this challenge, we estimate the relative shifts in speed and position
between gesture instances rather than their absolute values. By
characterizing how these factors differ across instances, we obtain
abundant and physically plausible diversity-inducing cues. This
approach provides a reliable basis for downstream data generation.
(2) How to synthesize sufficient and diverse data from ex-
tremely limited data of unseen classes? Existing learning-based
DA methods rely on many instances per gesture class to learn the
complex signal distribution. In practice, however, a target class
may have only a few samples. Under such scarcity, conventional
generative models face two key issues: they cannot generate data
for unseen classes outside the predefined label space, and with
limited samples they fail to capture the true distribution, often
producing unrealistic or physically inconsistent results. Moreover,
traditional methods ignore physical DIFs, limiting sample diver-
sity and weakening augmentation effectiveness. To address these
challenges, we propose a novel physically guided data synthesis
approach. Unlike prior methods that reconstruct data from random
noise, our approach learns a transformation from one instance to
another conditioned on the DIF shift between them. Leveraging
abundant DIF shifts extracted from seen-class samples, SynthFi can
generate massive and diverse samples for unseen classes using a
few available samples as the transformation starting points.
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We prototype SynthFi using commercial off-the-shelf (COTS)
WiFi devices and conduct extensive experiments involving ten
participants. The results show that SynthFi can synthesize WiFi
data with both high fidelity and high diversity. It boosts recognition
accuracy by 40% through dataset augmentation even when each
unseen class provides two real samples, outperforming existing DA
frameworks such as WixUp [39] and RF-Diffusion [5]. In addition,
SynthFi can also be extended to broader HCI sensing tasks such as
activity recognition and user identification.

In summary, our contributions are as follows: (1) We present
SynthFi, a novel DA framework for WiFi-based HGR that reduces
data collection overhead while improving recognition performance.
The source code for DIF shift quantification and the generative
model has been released1. (2) We introduce a physics-informed data
synthesis paradigm that generates high-fidelity and high-diversity
WiFi data conditioned on human behavioral cues. This paradigm
holds great promise for improving the generalization capability
of data-driven wireless HCI. (3) We build a prototype of SynthFi
and conduct extensive real-world experiments. The results indicate
that SynthFi can effectively improve the sensing performance by
augmenting the dataset. Moreover, our data synthesis method can
be easily extended to other HCI applications.

2 Related Work
2.1 Gesture Recognition
HGR plays a vital role in many HCI applications. Conventional
gesture recognition systems typically rely on cameras [10, 35, 56],
sonars [31, 42, 62], or wearable devices [1, 58, 66] to capture ges-
ture information. However, each of these modalities has inherent
limitations. Cameras raise concerns about visual privacy, sonars
operate within restricted sensing ranges, and wearable devices are
often inconvenient for continuous or long-term use. By compari-
son, WiFi-based sensing [9, 16, 17, 19, 22, 24, 25, 36, 37, 51, 52, 60]
offers several benefits because it preserves user privacy, provides a
wide sensing range, and remains unobtrusive in daily environments.
The main obstacle, however, is that current WiFi-based systems de-
pend heavily on machine/deep learning but lack large-scale labeled
datasets required for training.

To address this issue, two research directions have received in-
creasing attention: few-shot learning (FSL) [60, 65] and DA [5, 50].
FSL aims to generalize from a very limited number of samples
through meta-learning or transfer learning, whereas DA generates
synthetic samples to enrich the diversity of the training set. Despite
their effectiveness, FSL methods often depend on large backbone
networks to extract discriminative features from scarce examples.
For instance, OneSense [40] uses deep convolutional architectures
andOneFi [60] adopts Transformermodels. These designs introduce
high computational and memory demands, which hinder deploy-
ment on resource-constrained edge devices. In contrast, generative
DA does not impose such architectural requirements and therefore
supports flexible deployment across diverse hardware platforms.
Motivated by this advantage, we propose a new DA framework,
named SynthFi, for WiFi-based HGR. Unlike prior approaches, Syn-
thFi novelly incorporates physical behavioral conditions into the

1 https://github.com/Percilot/SynthFi

Table 1: Comparison with the most relevant methods.

Framework Within
Modality

High
Fidelity

Behavioral
Diversity

Unseen
Classes

RF Genesis [3] ✗ ✓ ✗ ✓

RF-Diffusion [5] ✓ ✓ ✗ ✗

SynthFi (Ours) ✓ ✓ ✓ ✓

synthesis process, substantially enhancing the diversity of the gen-
erated data.

2.2 Data Synthesis for Wireless Sensing
Data synthesis has been widely adopted in wireless sensing to en-
able domain transfer [2, 54, 55, 59, 67] and dataset enrichment [3, 5,
34, 39, 50]. Current wireless data synthesis techniques fall broadly
into two categories: physics-informed generation and data-driven
generation. Physics-informed approaches exploit the underlying
physical properties of wireless signals and emulate propagation be-
havior to create new samples through in-place transformations or
ray-tracing-based simulation. For example, CSI-Net [50] augments
data by injecting carefully designed perturbations into original CSI
measurements. WixUp [39] constructs a custom Gaussian mixture
model together with a probability-driven transformation strategy
to produce synthetic samples by blending multiple real instances.
mmFace [48] reconstructs signal propagation paths using physi-
cal modeling, thereby generating virtual measurements based on
modeled reflections. Although these methods offer strong inter-
pretability, they struggle to achieve high realism because multipath-
shaped signal trajectories [46] are exceedingly difficult to model
with adequate accuracy.

In contrast, data-driven approaches leverage deep neural net-
works to learn the complex and nonlinear relationships embedded
in wireless signals, enabling the synthesis of data that better aligns
with real-world characteristics. CsiGAN [59], for instance, employs
GANs to learn user-specific signal attributes and achieves cross-user
transfer. RF Genesis [3] adopts a diffusion-based generative frame-
work that incorporates auxiliary information such as video cues to
guide virtual sample generation. RF-Diffusion [5] also uses iterative
denoising to learn the distribution of wireless measurements and
produce synthetic CSI samples. Despite their effectiveness, exist-
ing data-driven methods either cannot synthesize data for unseen
classes or fail to capture sufficient intra-class diversity, as shown
in Tab. 1. Although RF Genesis [3] enables unseen-gesture data
synthesis for mmWave using auxiliary modalities, its design may
not directly transfer to WiFi due to the substantially different prop-
agation characteristics. In contrast, SynthFi explicitly incorporates
quantified in-domain behavioral factor shifts into the generation pro-
cess, enabling highly realistic and diverse synthesis for unseen classes
without requiring additional modalities. We believe that this frame-
work opens a promising direction for enriching data augmentation
across a wider range of wireless sensing modalities.

3 Motivation
Intuitively, the motion speed and the relative position of human
limbs with respect to the transceivers vary across gesture repeti-
tions. These factors may play a crucial role in shaping the intra-class

https://github.com/Percilot/SynthFi
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diversity of WiFi sensing data. If so, incorporating these DIFs into
data synthesis is essential for expanding diversity of generated
samples. In this section, we first introduce the basics of WiFi-based
HGR. We then develop a theoretical model of human reflection
and conduct preliminary experiments to validate the necessity of
incorporating diverse DIFs into data synthesis.

3.1 Basics of WiFi-based HGR
To implement a WiFi-based HGR system, users first need to define
a set of gesture classes to be recognized. Subsequently, multiple
signal transceivers are deployed to collect WiFi signals, and a set
of samples is gathered for each class to construct a dataset. During
data acquisition, the transmitted signals are reflected by the human
body, thereby capturing human dynamics, and are then received by
the receiver. The receiver extracts CSI [53] from the received signals
to characterize environmental changes, including human motions.
After a series of preprocessing steps, the processed data are used
to train a machine/deep learning-based gesture recognition model.
Once well-trained, the model can be deployed to infer the gesture
class of newly received samples in real time.

It is evident that data collection incurs the highest cost in this
pipeline. Moreover, the collected data often fail to adequately cover
the underlying distribution, leading to limited generalization per-
formance. Additionally, when new gesture classes (i.e., unseen
classes) beyond the existing class set are required to recognize,
additional data collection costs arise. With the growing demand
for customized gesture classes across users and applications, these
limitations become more pronounced. To address these issues, ex-
isting studies [5, 39] prefer to employ DA techniques to improve
performance without incurring additional data collection overhead.

3.2 How DIF Shapes WiFi Signals?
To theoretically examine whether speed and position indeed con-
tribute to intra-class diversity in HCI scenarios, we develop a prop-
agation model comprising a transmitter (Tx) and a receiver (Rx)
located at positions P𝑇 , P𝑅 ∈ R3, as shown in Fig. 2. Without loss of
generality, we focus on a single representative point on the moving
limb, denoted P𝑏 (𝑡) ∈ R3, which acts as a time-varying scatterer.
In practice, the received signal is the superposition of reflections
from many such scatterers.

Under the first-order Born approximation [4], the received com-
plex signal can be expressed as 𝑠 (𝑡) = 𝑠LOS (𝑡) + 𝑠scat (𝑡), where
𝑠LOS (𝑡) is the line-of-sight (LOS) component between Tx and Rx,
and 𝑠scat (𝑡) is the single-bounce scattered contribution from P𝑏 (𝑡).
The LOS term can be modeled as:

𝑠LOS (𝑡) =𝐶0 g(P𝑇 , P𝑅), (1)

where 𝐶0 incorporates the transmit power and antenna gains. The
scattered term can be expressed as:

𝑠scat (𝑡) = 𝐴𝑏 𝐺𝑏 (𝑡) g(P𝑇 , P𝑏 (𝑡)) g(P𝑏 (𝑡), P𝑅), (2)

where 𝐴𝑏 is an amplitude coefficient (we set 𝐴𝑏 = 1 for a point),
and𝐺𝑏 (𝑡) is a directional gain factor accounting for the orientation-
dependent reflectivity. The function g(X,Y) is the free-space Green’s

function [32] g(X,Y) = exp
(
𝑗 2𝜋
𝜆

∥X−Y∥
)

4𝜋 ∥X−Y∥ , where 𝜆 is the carrier wave-
length.
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Figure 2: Sensing scenario with one Tx and one Rx.

As human body is best modeled as a quasi-specular reflector
that reflects the signal into many directions with different ampli-
tudes [61], we have u = P𝑏 (𝑡) − P𝑇 and r𝑏 (𝑡) = u−2(u⊤n𝑏 )n𝑏

∥u∥ , where
n𝑏 is the local surface normal at P𝑏 (𝑡). The strongest component is
reflected into the r𝑏 (𝑡) direction. Moreover, according to [32], the
directional mask𝐺𝑏 (𝑡) attenuates reflected amplitude away from
r𝑏 (𝑡) via a Gaussian function of the angular deviation:

𝐺𝑏 (𝑡) = exp

(
−

(
arccos (P𝑅−P𝑏 (𝑡 ) )⊤r𝑏 (𝑡 )

∥P𝑅−P𝑏 (𝑡 ) ∥ ∥r𝑏 (𝑡 ) ∥

)2

2𝜖2

)
, (3)

where 𝜖 controls the lobe width.
Next, we incorporate motion into the model to analyze the result-

ing dynamic reflections. For analytical tractability, we model the
motion of P𝑏 (𝑡) as a semicircular trajectory in a horizontal plane
(as shown in Fig. 2), representing a simplified arm-swing gesture:

P𝑏 (𝑡) = C + 𝑅


cos𝜃 (𝑡)
sin𝜃 (𝑡)

0

 , 𝜃 (𝑡) = 𝜃0 + 𝜔𝑡, (4)

where C is the trajectory center, 𝑅 is the radius, 𝜃0 is the initial
angle, and 𝜔 = 𝑣/𝑅 is the angular speed determined by the speed 𝑣 .

By substituting P𝑏 (𝑡) into Eq. (2), we can derive an explicit de-
pendency of the scattered signal strength on the motion speed 𝑣

and the initial position P𝑏 (0):

|𝑠scat (𝑡 ; 𝑣, P𝑏 (0)) | = 𝐴𝑏 𝐺𝑏 (𝑡 ; 𝑣, P𝑏 (0))
1

∥P𝑇 − P𝑏 (𝑡 ; 𝑣, P𝑏 (0))∥

× 1
∥P𝑏 (𝑡 ; 𝑣, P𝑏 (0)) − P𝑅 ∥

,

(5)

where the inverse-distance factors come from the amplitude term
of the free-space Green’s function, and

P𝑏 (𝑡 ; 𝑣, P𝑏 (0)) = C + 𝑅


cos

(
𝜃0 (P𝑏 (0)) + 𝑣

𝑅
𝑡
)

sin
(
𝜃0 (P𝑏 (0)) + 𝑣

𝑅
𝑡
)

0

 , (6)

with 𝜃0 (P𝑏 (0)) denoting the initial angular coordinate determined
by P𝑏 (0) on the trajectory.

Combining Eq. (5) and (6), we can observe that:
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• the speed 𝑣 controls the temporal rate at which the Tx–
point and point–Rx distances change, thereby affecting the
variation trend of received signal;

• the position P𝑏 (0) sets the initial Tx–point and point–Rx
distances, as well as the starting value of 𝐺𝑏 (𝑡), thereby
determining the temporal offset of the signal profile.

By varying 𝑣 with P𝑏 (0) fixed or vice versa, we can isolate the
respective effects of motion speed and position on the signal dy-
namics. The model predicts that both factors alter the temporal
modulation patterns of 𝑠 (𝑡), thereby shifting the statistical distri-
bution of it. Therefore, even for a fixed gesture class, differences in
speed or position naturally and significantly give rise to intra-class
diversity in the measured WiFi signals.

3.3 Preliminary Experiment
To intuitively investigate how speed and position influence signal
distributions, we conduct two types of controlled experiments, each
varying a single factor.

In the first experiment, we fix the initial position P𝑏 (0) and vary
the speed 𝑣 across three levels (slow,medium, and fast), as illustrated
in Fig. 2. For each configuration, we generate noisy realizations of
𝑠 (𝑡) by injecting complex Gaussian noise to emulate path perturba-
tions, collecting 30 instances per speed–position pair.We then apply
Uniform Manifold Approximation and Projection (UMAP) [41] for
dimensionality reduction and visualization. As shown in Fig. 3,
instances with different values of 𝑣 (under the same initial posi-
tion) form clearly separated clusters, demonstrating speed-induced
distributional diversity. To further demonstrate the importance of
incorporating speed diversity in sensing model training, we in-
troduce another trajectory in which the reflection point moves
along the tangent direction of the semicircle. For each trajectory,
we collect 100 instances under three speed levels. A support vector
machine [23] is then trained to perform two-class recognition. The
classifier achieves only 64% accuracy when trained solely on 100
slow-speed instances and evaluated on a test set composed of 100
randomly selected instances that span all three speeds. Adding 50
additional slow-speed instances to the training set increases the
accuracy only to 67%, and further enlarging the slow-speed training
set provides no additional gain. In contrast, when the additional 50
instances are randomly drawn from all three speeds, the accuracy
rises to 80%. This comparison indicates that enriching the training
set with diverse speeds is essential for improving gesture recog-
nition performance. In the second experiment, we fix 𝑣 and vary
P𝑏 (0) across three distinct positions (near, medium, and far), as
illustrated in Fig. 2. Using the same procedure as above, we obtain
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Figure 5: Overview of SynthFi.
the clustering results shown in Fig. 4. Evidently, instances with
different values of P𝑏 (0) (under the same speed) again form sepa-
rate clusters, revealing position-induced diversity. Moreover, we
conduct an additional classification experiment following a setting
similar to that of the first experiment. The results reveal the same
phenomenon as that observed under distinct speeds. We also con-
duct two real-world experiments using a LeKiwi robotic arm [47].
The robotic arm is programmed to execute gestures with varied
yet controlled speeds and positions. The results are consistent with
the simulation observations: data collected at different speeds or
positions form distinct clusters.

These experiments further confirm thatmotion speed and position
are crucial DIFs that shape signal distributions. Therefore, it is essential
to incorporate them into the data synthesis process to expand data
diversity and improve HGR model’s generalization performance.

4 SynthFi Design
In this section, we first outline the overview of SynthFi, followed
by a detailed presentation of its technical components.

4.1 Overview
As illustrated in Fig. 5, the SynthFi framework consists of three
primary modules: raw signal preprocessing, DIF shift extraction,
and virtual data synthesis. To enable accurate and efficient ges-
ture recognition, these modules operate across two phases, namely
bootstrapping and customization.

In the bootstrapping phase, the developer or user defines a set of
base gesture classes and collects corresponding WiFi data for each
class. The raw signal preprocessing module converts the collected
CSI into clean spectrograms. For any two spectrograms within the
same class, SynthFi computes both speed-shift and position-shift
embeddings through the DIF shift extraction module, capturing
physically meaningful behavioral variations. These embeddings,
together with the spectrograms, are then used to train the virtual
data generation model, referred to as SynthNet.

During the customization phase, the user only needs to collect
a few real samples for each customized-yet-unseen gesture class.
After identical preprocessing, the virtual data synthesis module
employs the pretrained SynthNet, conditioned on the DIF shift
embeddings extracted from base-gesture instances, to generate a
large, diverse set of synthetic spectrograms for the unseen gestures.
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The user can then use both real and synthesized data to train a
gesture recognition model with high generalization performance.

4.2 Signal Preprocessing
As shown in Fig. 6, rawCSImeasurements typically contain substan-
tial noise that is unrelated to behavioral information. To mitigate
this issue, we apply a series of preprocessing techniques, including
conjugate multiplication, filtering, and Principal Component Anal-
ysis (PCA), to obtain cleaner CSI signals. Moreover, WiFi signals
are reflected not only by human bodies but also by static objects
in the environment. These static reflections can significantly de-
grade recognition performance when the environment changes,
thereby limiting cross-environment performance. To address this
issue, we extract Doppler frequency–shift features from the CSI,
which capture only human-induced dynamics and are subsequently
represented as spectrograms.
Conjugate multiplication. A slight synchronization mismatch
between the Tx and Rx may result in a time-dependent random
phase perturbation, which can blur the underlying gesture-related
patterns in CSI and degrade recognition performance. Fortunately,
because all antennas on a given receiver rely on a common Radio
Frequency (RF) oscillator, their phase deviations remain essentially
identical. Leveraging this property, the undesired phase offset can
be effectively canceled by applying conjugate multiplication to the
CSI from two antennas of the same receiver, as depicted in Fig.7.
Signal filtering. Beyond the phase distortion, the captured CSI is
further contaminated by stationary signal components and addi-
tive white Gaussian noise. To mitigate these effects, we begin by
applying a high-pass filter with a 2 Hz cutoff, which suppresses
the low-frequency contributions introduced by static propagation
paths. Subsequently, a low-pass filter with a 60 Hz cutoff is em-
ployed to attenuate the high-frequency noise. As depicted in Fig. 8,
the resulting CSI waveforms exhibit significantly smoother profiles.
PCA. Following the filtering stage, PCA is applied to the refined
CSI, with the dominant principal component retained for further
processing. This operation not only accentuates gesture-relevant
characteristics but also suppresses residual noise. As depicted in
Fig. 9, the CSI series after PCA appear considerably denoised.
Spectrogram extraction. In a gesture recognition scenario, the re-
ceived signals are both from static objects and dynamic human body.

0 50 100 150 200 250
0

50

Fr
eq

ue
nc

y 
B

in Spectrogram 1 of Drawing "U"

0 50 100 150 200 250
0

50

Fr
eq

ue
nc

y 
B

in Spectrogram 2 of Drawing "U"

0 50 100 150 200 250
0.25
0.00
0.25

R
el

. D
if.

Speed Shift

0 50 100 150 200 250
Time Index

9
6
3
0
3
6
9

R
el

. D
if.

Position Shift

Figure 10: TwoWiFi spectrograms and their DIF shift embed-
dings. “Rel. Dif.” means relative difference.

The static-reflection could impair the cross-environment robustness
of the system. To achieve stable performance across environments,
we aim at extracting information only related to human motions.
Doppler Frequency Shift (DFS) can effectively reflect such human
dynamics. According to [60], we can represent DFS information by
performing Short-Time Fourier Transform (STFT). After that, we
can get spectrograms that are only related to gesture information,
as shown in Fig. 10.

4.3 DIF Shift Extraction
As aforementioned, speed and position are two critical DIFs that
should be incorporated into virtual data generation. However, di-
rectly and precisely measuring these factors in real-world sensing
is extremely challenging. To address this, SynthFi instead extracts
the DIF differences between pairs of instances, which offers two
key advantages: (1) The extracted differences preserve the dynamic
physical variations of the DIFs between instances, effectively cap-
turing how speed and position change in practice. (2) This approach
substantially enhances the utility of limited training samples. For
instance, if the developer collects 20 samples for a base gesture class,
only 20 distinct speed/position patterns can be obtained. In con-
trast, by computing pairwise DIF shifts, we can derive 2×𝐶2

20 = 380
distinct difference patterns, expanding the set of available behav-
ioral cues by twentyfold. With this enriched DIF information, the
subsequent generative model can more effectively learn how to
guide the virtual data synthesis process under varying behavioral
conditions. In the following, we detail how to extract DIF shifts
from one spectrogram instance to another.

4.3.1 Speed Shift Quantification. Recall that we extract Doppler
spectrograms from the CSI matrix as cross-environment gesture fea-
tures. Although the spectrogram intrinsically encodes velocity infor-
mation, directly subtracting one spectrogram from another would
merely capture instantaneous amplitude discrepancies, rather than
reflecting the temporal evolution of the underlying velocity dynam-
ics embedded in the Doppler spectrum. To deal with this issue, we
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propose a centroid–correlation fusion method that estimates the
time-resolved speed shift between two spectrograms. This method
effectively preserves the gesture dynamics while maintaining con-
sistency with Doppler physics.

Specifically, given two magnitude spectrograms S1 (𝑡, 𝑓𝑘 ) and
S2 (𝑡, 𝑓𝑘 ) with time index 𝑡 and discrete frequency bins 𝑓𝑘 , we first
normalize each time frame to suppress amplitude biases caused by
signal attenuation or antenna gain variations. For each normalized
frame, we compute the spectral centroid [43] as:

𝑓
(𝑖 )
𝑐 (𝑡) =

∑
𝑘 𝑓𝑘 S̃𝑖 (𝑡, 𝑓𝑘 )∑
𝑘 S̃𝑖 (𝑡, 𝑓𝑘 )

, (7)

which represents the first-order spectral moment of Doppler energy.
The centroid difference between the two spectrograms is calcu-

lated as Δ𝑓 (𝑡) = 𝑓
(2)
𝑐 (𝑡) − 𝑓

(1)
𝑐 (𝑡), capturing the shift of Doppler en-

ergy over time. Because Doppler frequency is linearly proportional
to radial velocity, this frequency shift has a direct velocity-domain
interpretation:

Δ𝑣 (𝑡) = 𝜆

2
Δ𝑓 (𝑡), (8)

where 𝜆 denotes the carrier wavelength. Thus, Δ𝑣 (𝑡) can be directly
regarded as the speed shift between the two motion instances,
reflecting how their movement speeds differ over time, as shown
in the third part of Fig. 10. Since the spectral centroid captures
the global distribution of Doppler energy rather than individual
frequency components, it is also inherently robust to multipath-
induced perturbations.

4.3.2 Position Shift Quantification. Beyond motion speed, arm po-
sition constitutes another dominant DIF that induces substantial
variability across gesture instances. Compared with spectrogram-
derived features, time-series amplitudes provide a more direct and
higher-resolution reflection of range-dependent fluctuations. Build-
ing on this, we introduce a time-resolved method for estimating
position shift using temporal amplitude traces.

Specifically, we first approximate the instantaneous received
power through short-time frame energy. Let each time-series signal
be divided into overlapping frames indexed by 𝑡 , with the corre-
sponding sample set W𝑡 . For the 𝑖-th signal instance, the frame
energy is calculated as:

𝐸𝑖 (𝑡) =
∑︁

𝑛∈W𝑡

𝑥𝑖 [𝑛]2, (9)

which serves as a surrogate for short-term received power. Nor-
malizing by the frame length 𝐿 yields 𝑃𝑖 (𝑡) = 𝐸𝑖 (𝑡 )

𝐿
, where a small

constant 𝜀 > 0 is added in subsequent steps to avoid numerical
degeneracy. As received power decreases monotonically with propa-
gation distance, 𝑃𝑖 (𝑡) naturally encodes range-dependent variations
induced by limb movement.

To further convert short-time power into a position estimate,
we employ the classical power-law path-loss model [26]. Inverting
the model provides the per-frame range approximation 𝑑𝑖 (𝑡) =

𝑑0

(
𝑃0

𝑃𝑖 (𝑡 )+𝜀

)1/𝛾
, where 𝛾 denotes the path-loss exponent, and 𝑃0 and

𝑑0 represent reference power and distance, respectively. Since our
objective is to quantify relative positional differences rather than
to recover absolute metric distances, the exact values of (𝛾, 𝑃0, 𝑑0)
are not required. We therefore set them to constant nominal values
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Figure 11: Architecture of our generative model SynthNet.

(i.e., 𝛾 = 2, 𝑃0 = 1, 𝑑0 = 1). which preserves the monotonic mapping
from power to distance.

Given the inferred per-frame distances, the instantaneous posi-
tion shift between two instances is computed as

Δ𝑝 (𝑡) = 𝑑2 (𝑡) − 𝑑1 (𝑡) . (10)

This produces a temporally aligned trajectory that describes how
the relative limb position evolves across frames. Because amplitude-
based distance estimates can fluctuate under multipath and noise,
we finally apply a temporal smoothing. Letℎ(𝜏) denote a smoothing
kernel; the refined trajectory can be expressed as:

Δ̄𝑝 (𝑡) =
∑︁
𝜏

ℎ(𝜏) Δ𝑝 (𝑡 − 𝜏) . (11)

In practice, we adopt median filtering [30], which effectively sup-
presses impulsive outliers while enforcing the temporal continuity
characteristic of human dynamics.

Through this procedure, we obtain a time-resolved estimate
of position shift from amplitude traces. The resulting Δ𝑝 (𝑡) (as
shown in the last part of Fig. 10) captures how the relative limb
configurations differ between gesture instances and thus forms a
second key DIF complementary to the speed-induced variability.

4.4 Behaviorally Diverse Data Generation
Data synthesis is the core component of DA. Its effectiveness hinges
on the realism of the generated samples. To achieve this, we pre-
fer to use deep learning–based generative models to construct a
principled synthesis mechanism. RF-Diffusion [5], a recently pro-
posed wireless data generation framework, has demonstrated the
superiority of diffusion models in producing high-fidelity WiFi
signals. However, existing diffusion-based approaches face two
key limitations that restrict their scalability: (1) Scalability to un-
seen classes. They rely on class labels as generation conditions,
which inherently confines the model to synthesizing samples only
for classes observed during training, preventing generalization to
unseen gestures. (2) Scalability to unseen distributions. Since the
model learns only the empirical distribution of the training set, the
diversity of synthesized data is fundamentally limited, diminishing
its augmentation effectiveness.

In this paper, we propose a novel diffusion-based generative
paradigm that overcomes these limitations, as shown in Fig. 11.
Unlike prior works [5], we discard class labels as generation con-
ditions. Instead, we use DIF shifts to guide the synthesis process.
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Figure 12: Synthesized instances of “swift left & right”.

Under this formulation, data generation is no longer performed
by denoising a random noise matrix. Rather, the model learns to
transform one real instance into another conditioned on their DIF
differences. This design not only removes label constraints and
enables synthesis for unseen gesture classes, but also substantially
enhances the behavioral diversity of generated data through the
rich space of DIF difference patterns. In the following, we present
the architecture of the proposed generative model and describe its
training and DIF-conditioned synthesis pipeline in detail.

4.4.1 Generative Architecture. Our generative model is based on a
U-Net denoiser 𝜖𝜃 (·) equipped with a DIF shift embedding module,
which conditions all U-Net layers through feature-wise affine mod-
ulation. The full process consists of a forward (noising) path and a
reverse (denoising) path.
Forward process. Instead of diffusing a clean spectrogram into
pure Gaussian noise as in RF-Diffusion [5], we construct a controlled
interpolation between two spectrograms S1 and S2. At diffusion
step 𝑡 , the forward variable is defined as:

x𝑡 = (1 − 𝛾𝑡 )S1 + 𝛾𝑡S2 + 𝜎𝑡𝝐, 𝝐 ∼ N(0, I), (12)

where 𝛾𝑡 monotonically increases with 𝛾0 = 0 and 𝛾𝑇 = 1, and
𝜎𝑡 determines the noise level. This formulation yields a smooth
trajectory that remains structurally aligned with the transition from
S1 to a “noisy” version of S2.
Reverse process. The reverse process aims to invert the above
perturbation and progressively remove noise under the guidance of
the DIF embedding eDIF = 𝑓DIF (S1, S2). At timestep 𝑡 , the denoiser
predicts the noise component:

𝝐̂𝑡 = 𝜖𝜃 (x𝑡 , 𝑡, eDIF), (13)

and the reverse update is computed by removing the estimated
noise and undoing the 𝛾𝑡 -dependent attenuation:

x𝑡−1 =
x𝑡 − 𝜎𝑡 𝝐̂𝑡

1 − 𝛾𝑡
+ 𝜂𝑡 𝝃 , 𝝃 ∼ N(0, I), (14)

where 𝜂𝑡 introduces controlled stochasticity analogous to the pos-
terior variance. Iterating this update yields the final clean recon-
struction S★1 = x0.

4.4.2 Training and Generation. The training of SynthNet encour-
ages the denoiser to correctly predict the injected Gaussian noise.
For a training pair (S1, S2) and its DIF embedding eDIF, the denoiser
is trained using an 𝐿2 noise-prediction objective:

L(𝜃 ) = E
[
∥𝝐 − 𝜖𝜃 (x𝑡 , 𝑡, eDIF)∥2

2
]
. (15)

This loss function allows themodel to learn consistent, DIF-controlled
structural transformations between spectrograms.

During generation, given an unseen-class instance S(𝑢 ) , we syn-
thesize realistic intra-class variations by conditioning on DIF em-
beddings sampled from the base dataset. Two randomly selected
base instances (S𝑎, S𝑏 ) yield e(𝑎,𝑏 )DIF = 𝑓DIF (S𝑎, S𝑏 ), which serves as
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Figure 13: Experiment setup.
a plausible variation direction. The generation follows the reverse
diffusion process, where S(𝑢 ) is updated for 𝑡 =𝑇, . . . , 1 as:

x𝑡−1 =
x𝑡 − 𝜎𝑡 𝜖𝜃 (x𝑡 , 𝑡, e(𝑎,𝑏 )DIF )

1 − 𝛾𝑡
+ 𝜂𝑡 𝝃 . (16)

After the final step, the synthesized sample is obtained as S̃(𝑢 ) = x0,
preserving the semantic identity of the unseen class while incorpo-
rating realistic variation patterns induced by the DIF shifts.

Fig. 12(a) and (b) show two synthesized samples of “swift left &
right” generated by SynthNet. It can be observed that they exhibit
both high fidelity and clear diversity induced by DIF shifts.

5 Evaluation
This section first introduces the implementation of SynthFi, and
then details its quantitative performance.
Experiment setup.We implement a prototype of SynthFi using
COTS WiFi devices and conduct basic experiments in a laboratory
environment, as illustrated in Fig. 13. We follow a common setup of
WiFi HGR [60, 64, 65, 68]: the system is composed of one transmit-
ter and four receivers, each equipped with an Intel 5300 Network
Interface Card (NIC). CSI is extracted using the Linux CSI Tool [15]
from WiFi packets transmitted in the 5.54GHz band. The trans-
mission rate is configured to 1000 packets per second. SynthNet is
trained on a server equipped with an H20-NVLink (96 GB) GPU
using the Adam optimizer with a learning rate of 5e-4.
Data collection.We recruit ten persons to participate in the data
collection process. Each participant performs 20 gesture classes (as
shown in Fig. 2) within a 2m×2m sensing area, consistent with typ-
ical deployment settings for interactive gesture recognition [60, 68].
In total, we collect more than 2900 gesture instances for evaluation.
Under the default configuration, 15 gesture categories are desig-
nated as base classes, while the remaining 5 categories are treated
as unseen classes for testing the generalization performance of Syn-
thFi. A Convolutional Neural Network (CNN) is used as the HGR
model. It includes three convolutional blocks, each comprising a
convolution layer, ReLU activation, and max-pooling. These are
followed by a fully connected head that contains a flattening stage,
one hidden layer, and a final classification layer.
Metrics. To evaluate the performance of SynthFi, we adopt three
quantitative metrics: Fréchet Inception Distance (FID) [5], accu-
racy [65], and accuracy gain (AG). FID measures generative fidelity
by computing the Fréchet distance between the feature represen-
tations of real and synthesized samples. In our evaluation, a CNN
based on LeNet [33] pretrained on real data is used as the feature
encoder. A lower FID indicates stronger fidelity. Accuracy quanti-
fies the likelihood that SynthFi correctly predicts the gesture label
of an input sample, reflecting both the fidelity and diversity of the
generated data. AG measures the increase in accuracy resulting
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Table 2: Details of the gesture classes considered in the evaluation. “CCW” means counterclockwise.
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Figure 15: Overall accuracies
before and after DA.

from data augmentation. It is calculated as the difference between
post-augmentation and pre-augmentation accuracies if this differ-
ence is positive; otherwise, AG is set to zero. Higher accuracy and
AG signify better fidelity, diversity, and generalization performance.

5.1 Overall Performance
We first assess the overall performance of SynthFi. Under the de-
fault setting, we consider challenging scenarios where only one
or two real samples are available for unseen classes (i.e., 1-shot
or 2-shot settings). The number of generated samples is six times
that of the real ones. The DIF embeddings are randomly selected
from base-class samples during generation. We compare SynthFi
with two state-of-the-art (SOTA) DA methods, WixUp [39] and
RF-Diffusion [5], as well as two FSL methods, OneFi [60] and One-
Sense [65]. WixUp employs a Gaussian mixture model combined
with probability-based transformations to generate new samples.
RF-Diffusion develops a time-frequency diffusion model to synthe-
size additional data. Since RF-Diffusion is unable to generate data
for unseen classes, we train it on all 20 classes and supply each un-
seen class with the same number of real samples as used in SynthFi.
This setup ensures a fair comparison among these methods.
FID distribution. To assess whether the synthesized data is suf-
ficiently realistic to capture the underlying signal propagation
physics, we compute the FIDs for all three DA frameworks and
present their Cumulative Distribution Functions (CDFs) in Fig. 14.
The mean FIDs for WixUp, RF-Diffusion, and SynthFi are 26.9,
26.4, and 25.1, respectively. The FID distribution of SynthFi closely
matches those of the two baselines. This alignment is important
because previous studies have shown that both WixUp and RF-
Diffusion are capable of generating high-fidelity wireless data.
Achieving comparable FID distributions indicates that SynthFi pro-
vides a similar level of realism as these baseline approaches. As a
result, SynthFi can reliably produce high-fidelity samples that are
consistent with real signal propagation patterns and thus support
downstream tasks such as DA.
Accuracy. To comprehensively evaluate the effectiveness of gen-
erated samples, we measure the classification accuracies achieved
by models trained with each DA framework and FSL method. The
results are presented in Fig. 15. Under the 1-shot and 2-shot set-
tings, SynthFi improves the accuracies from 32.4% to 71.7% and from
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52.1% to 92.1%, respectively. WhenWixUp is used for augmentation,
the accuracies increase to 65.0% and 67.0% under the 1-shot and
2-shot settings, respectively. RF-Diffusion improves the 1-shot and
2-shot accuracies to 59.3% and 68.9%, respectively. OneFi and One-
Sense achieve 1/2-shot accuracies of 66.0%/80.0% and 71.5%/90.8%,
respectively. These results demonstrate that SynthFi achieves the
best performance among all five methods. Its superior performance
indicates that the generated samples are sufficiently realistic to
facilitate effective model learning and sufficiently diverse to cap-
ture a broader range of intra-class variations. The larger accuracy
improvements achieved by SynthFi further confirm its ability to
improve generalization to unseen samples with diverse behavioral
patterns that are overlooked by existing DA frameworks. Further-
more, the 1-shot and 2-shot variances across five classes are 1.4
and 1.2, respectively. This suggests that SynthFi maintains stable
recognition performance across different gestures.
AG on different classifiers. To further evaluate the DA effective-
ness of SynthFi, we measure its 2-shot AG across four classifiers:
two traditional models (Decision Tree, DT [8], and K-nearest Neigh-
bor, KNN [7]) and two deep learning models (CNN and Long Short-
TermMemory, LSTM [63]). The results are shown in Fig. 16. SynthFi
achieves AG values of 37%+ on both CNN and LSTM, while WixUp
remains below 22% and RF-Diffusion remains below 17%. For DT
and KNN, SynthFi reaches AGs of 12.9% and 8.6%, whereas the
other two baselines provide no performance improvement. These
observations suggest that the two baselines are unable to extract
sufficient diversity from limited reference samples. They are con-
strained by the narrow distribution of the few available examples
and do not make effective use of the rich behavioral variations
present in base-class data. As a result, the potentially useful diverse
features become buried in the samples generated by WixUp and
RF-Diffusion, making them difficult for traditional classifiers to
exploit. In contrast, the behavioral diversity introduced by SynthFi
is more easily recognized by both traditional and deep sensing
models, which leads to larger gains across classifier types. Further-
more, the absolute 2-shot accuracies achieved by SynthFi are as
high as 92.1% (CNN), 81.4% (LSTM), 83.7% (DT), and 87.9% (KNN).
These results indicate that SynthFi provides high flexibility in sens-
ing model selection. For example, a DT can be used in low-power
or resource-constrained devices, while a CNN can be deployed on
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more capable platforms. This flexibility offers a clear advantage over
many prior FSL paradigms that often depend on computationally
heavy backbone models such as CNNs [65] or Transformers [60].
Effectiveness of DIF shift embedding. SynthFi enhances DA
performance by introducing behavioral diversity through two ex-
plicit DIF shift embeddings, namely speed shift embedding and
position shift embedding. To examine the individual contribution
of each embedding, we enable only one of them during synthesis
and re-evaluate the accuracy. As shown in Fig. 17, both embeddings
improve recognition accuracy in the 1-shot and 2-shot settings.
In both cases, the accuracy achieved with the position shift em-
bedding is consistently higher than that obtained with the speed
shift embedding. This suggests that position shift provides richer
behavioral diversity than speed shift. When both embeddings are
used together, the accuracy increases further. These results indicate
that both speed and position shifts effectively enrich the behav-
ioral diversity of synthesized data and substantially enhance the
generalization performance of the HGR model.
Effect of𝛾 .Note that𝛾 , the path-loss exponent, directly determines
the position DIF. To evaluate its impact on SynthFi, we vary 𝛾

from 1.5 to 3 in step of 0.5. The resulting 1-shot accuracies are
69.9%, 71.7%, 69.6%, and 70.6%, while the 2-shot accuracies are 89.1%,
91.4%, 89.8%, and 90.0%, respectively. These results demonstrate
that SynthFi remains robust under different path-loss settings.

5.2 Effect of Synthesized Data’s Ratio
To investigate how the ratio of synthesized samples influences DA
performance, we reassess the 1-shot and 2-shot accuracies while
increasing the ratio of virtual samples to real samples from 1× to 6×.
The results are shown in Fig. 18. The accuracies in both settings rise
as the ratio increases. When the ratio becomes larger, the accuracy
curves gradually become flatter, indicating that the performance
improvement approaches convergence. These findings suggest that
increasing the synthesized data ratio enhances DA effectiveness,
although the improvement eventually saturates when the ratio
continues to grow.
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5.3 Effect of Unseen Class Scale
To investigate how performance changes as the number of unseen
classes grows, we reassess the 1-shot and 2-shot accuracies while
increasing the number of unseen classes from 5 to 10. In this experi-
ment, we designate the first 𝑛 classes out of all 20 as the base classes,
and treat the remaining 20 − 𝑛 classes as the customized classes.
As shown in Fig. 19, the accuracy decreases in both settings as the
unseen class scale becomes larger. This trend is expected because
constructing precise decision boundaries becomes more challeng-
ing when the classifier must distinguish among more target classes.
Even so, the recognition performance remains acceptable when the
number of unseen classes reaches 10. Moreover, as illustrated in
Fig. 19, the accuracy loss can be compensated by collecting just
one additional real instance: the 3-shot accuracy for the 10-class
setting exceeds 80%. Fig. 21 shows the AGs as the scale of the un-
seen classes increases. It can be observed that SynthFi consistently
provides relatively stable gains across all settings. Furthermore,
the AGs appear to increase when fewer real samples are available,
which may be because the room for improvement contributed by
synthesized samples becomes smaller as more real data are pro-
vided. The above observations demonstrate that SynthFi maintains
commendable scalability when applied to unseen sensing tasks.

5.4 Effect of Training Class Scale
Recall that SynthFi leverages base-class samples collected by the
developer or user to synthesize data for unseen classes, for which
only a small number of real samples are required. This design
significantly reduces the data collection burden of customized-yet-
unseen gesture classes. In this experiment, we vary the number of
base classes from 3 to 15 in increments of 2 and re-evaluate the
recognition performance. The resulting 1-shot and 2-shot accuracies
are presented in Fig. 22. The accuracies increase noticeably as the
base-class scale becomes larger, which is reasonable because a richer
set of base classes provides more abundant behavioral diversity for
synthesis. When the number of base classes reaches 15, SynthFi
achieves the highest performance. Encouragingly, based on the
trends of the accuracy curves, the accuracy appears to continue
improving as the base-class scale increases further.

5.5 Cross-domain DA Effectiveness
It is important to examine whether SynthFi generalizes under cross-
domain conditions. In this experiment, we train SynthNet using
data collected from a single participant in a laboratory environment
under Location 1, and then evaluate the AGs across Environment 2
(living room), an unseen user, and Location 2, as shown in Fig. 20.
Note that the cross-environment/user/location experiments are
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three independent evaluations, where only one domain factor is
varied at a time. The results show that SynthFi achieves AGs of
24.3%, 26.2%, and 23.0% under cross-environment, cross-user, and
cross-location settings, respectively. Meanwhile, the AGs of WixUp
and RF-Diffusion are 8.5%/14.1%/12.2% and 12.4%/13.8%/15.6% under
these settings. These results demonstrate that SynthFi can effec-
tively generalize across domain shifts by capturing class-agnostic
and physically grounded DIF variations, outperforming existing
works. It can be observed that the cross-domain AGs are lower
than those achieved in in-domain settings. This could be because
domain shifts introduce additional variations beyond DIF factors,
such as environment-dependent multipath characteristics and user-
specific body reflections, which reduce the distributional alignment
between synthesized and target-domain data.

5.6 Extension to Other Application
We design SynthFi to incorporate behavioral diversity into the
data synthesis process, enhancing the effectiveness of DA in HCI
scenarios. To verify that our approach remains effective beyond ges-
ture recognition, we further evaluate SynthFi on two open-source
datasets, WiAR [13] and Widar3.0 [68]. For WiAR, we focus on
large-scale activity recognition. Ten activity classes are treated as
base classes, and DA is evaluated on the remaining six classes. The
results show that the 1-shot and 2-shot AGs reach 13.3% and 15.1%,
respectively. For Widar3.0, we consider a user identification task,
where data from five users serve as base classes and the other five
are regarded as unseen classes. The experiment results demonstrate
that the 1-shot and 2-shot AGs reach 13.5% and 27.8%. These find-
ings indicate that SynthFi can be readily and effectively extended
to broader wireless sensing tasks to generate diverse data.

5.7 Overhead
In the SynthFi framework, the diffusion model constitutes the main
computational overhead. Our analysis shows that SynthNet con-
tains 12.6M parameters, which is moderate compared to lightweight
architectures such as MobileNetV2 [44] (3.47M parameters) that
can run smoothly on edge devices (e.g., iPhone 6s). Although the
per-sample generation cost is 9.2T floating-point operations, data
synthesis is conducted offline during the training stage and incurs
no overhead at inference time. In practice, users can upload a small
set of real samples to a server or developer for offline synthesis
of virtual data, eliminating the need for on-device, real-time gen-
eration. Therefore, the proposed framework introduces negligible
runtime overhead and maintains acceptable storage and computa-
tional costs for practical deployment.

5.8 User Study
To investigate users’ perceptions toward WiFi-based gesture inter-
faces and the practical benefits enabled by SynthFi, we conduct a
questionnaire-based user study with 42 participants. Participants
are asked to rate three statements on a 5-point Likert scale (1:
strongly disagree, 5: strongly agree). The questions focused on
three aspects: (1) preference for privacy-preserving WiFi-based ges-
ture interaction over camera-based approaches in privacy-sensitive
scenarios; (2) the perceived capability of SynthFi-like techniques in
facilitating the development of customized gesture interfaces for

33.3%

59.5%

WiFi vs. Camera Preference

35.7%54.8%

SynthFi for Interface Development

33.3%

66.7%

SynthFi Data Collection Experience

Score 1 Score 2 Score 3 Score 4 Score 5

Figure 23: Score distributions of the user study questionnaire.

different users and applications; and (3) users’ experience regarding
the reduction of time and effort required for gesture data collec-
tion enabled by SynthFi. According to the participants’ feedback in
Fig. 23, we can conclude that: (1) For privacy-sensitive scenarios,
participants showed a strong preference for WiFi-based gesture
interfaces over camera-based approaches, with an average score
of 4.50/5. This indicates that privacy preservation is an important
factor influencing gesture interaction adoption. (2) Participants
positively evaluate the capability of SynthFi-like techniques in facil-
itating customized gesture interfaces, achieving an average score of
4.43/5. This demonstrates the perceived value of efficient data syn-
thesis for expanding HCI applications. (3) Participants report the
most positive experience regarding SynthFi’s reduction of gesture
data collection effort and time, with an average score of 4.64/5. This
suggests that SynthFi can substantially improve the practicality of
developing data-efficient gesture interfaces.

6 Discussion
In this work, we introduce behavior-induced factors like speed and
position into the data synthesis process, which are major sources
of sample variability in HCI scenarios but have been overlooked in
prior studies. Our theoretical and empirical results show that these
factors play an important role in enhancing intra-class diversity,
although additional attributes such as arm rotation may further
increase variability in practice. A possible direction for capturing a
more complete set of behavioral variations is to use advanced deep
learning techniques, e.g., disentangled representation learning [57],
to automatically extract these factors. We leave the exploration of
these broader behavioral cues for future work.

7 Conclusion
We present SynthFi, a novel DA framework designed to overcome
the scarcity and limited diversity of real-world WiFi sensing data.
SynthFi first quantifies key diversity-inducing physical factors to ex-
tract rich behavioral variation cues. Building upon these quantified
factors, we further develop a diffusion-based generative model ca-
pable of shifting real instances along diverse behavioral dimensions,
thereby producing high-fidelity synthetic data even for previously
unseen classes. Extensive real-world experiments demonstrate sub-
stantial improvements in sensing performance.
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