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Abstract—Data augmentation as a technique can mitigate data
scarcity in machine learning. However, owing to fundamental
differences in wireless data structures, traditional data augmenta-
tion techniques may not be suitable for wireless data. Fortunately,
Generative Artificial Intelligence (GenAI) can be an effective
solution to wireless data augmentation due to its excellent data
generation capability. This article systematically explores the
potential and effectiveness of generative data augmentation in
wireless networks. We first briefly review data augmentation tech-
niques, discuss their limitations in wireless networks, and intro-
duce generative data augmentation, including reviewing GenAI
models and their applications in data augmentation. We then
explore the application prospects of generative data augmentation
in wireless networks from the physical, network, and application
layers, providing a generative data augmentation architecture for
each application. Subsequently, we propose a general generative
data augmentation framework for Wi-Fi gesture recognition.
Specifically, we leverage transformer-based diffusion models to
generate high-quality channel state information data. To evaluate
the effectiveness of the proposed framework, we conduct a case
study using the Widar 3.0 dataset, which employs a residual
network model for Wi-Fi gesture recognition. Simulation results
demonstrate that the proposed framework can enhance the
performance of Wi-Fi gesture recognition. Finally, we discuss
research directions for generative data augmentation.

Index Terms—Wireless networks, data augmentation, GenAI,
Wi-Fi gesture recognition, transformer-based diffusion models.

I. INTRODUCTION

As an indispensable and fundamental technology, wireless
networks enable users to access the Internet, connect devices,
and communicate without physical constraints. The growing
complexity and diversity of wireless networks have facilitated
the development of Deep Learning (DL)-based wireless com-
munications and networking [1]. Since wireless networks gen-
erate large amounts of data from user activities, channel states,
and network conditions, DL can efficiently distill high-level
features and information from this data, which have complex
structures and inner correlations [1], and enable intelligent
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applications such as Digital Twins (DTs), autonomous driving,
and Metaverse. Nevertheless, the availability of vast amounts
of high-quality wireless data is a major determinant of the
effectiveness of DL models [2]. Specifically,

• Dynamic wireless channels: Due to multi-path fading,
shadowing, and interference, the environment in wireless
channels is highly variable [3], which makes it difficult
to collect high-quality wireless data.

• Limited measuring equipment: High-quality wireless data
collection often requires extensive deployment of spe-
cialized hardware and software equipment [3], which is
costly and time-consuming.

Therefore, obtaining high-quality and diverse wireless data
for the progress of DL-based wireless communications and
networking is challenging [2], [3].

Data augmentation is an effective technique to solve the
problem of limited labeled datasets in model training [4]. The
core idea of data augmentation is to synthetically increase
the size of training datasets by modifying existing data,
thus enhancing the robustness and generalization of learn-
ing algorithms [4]. Data augmentation techniques have been
extensively applied in fundamental domains. For example,
in Computer Vision (CV), data augmentation methods apply
geometric or color transformations, such as cropping, flipping,
and color channel changes [5]. However, traditional data
augmentation methods may not be applicable to wireless data.
Specifically, traditional data augmentation methods are care-
fully designed for certain domains and only perform simple
transformations on the original datasets, rather than enriching
data features from the existing data [4]. Most importantly,
traditional data augmentation methods lack consideration of
the inherent characteristics and structures of wireless data [5],
which cannot guarantee the quality and diversity of augmented
wireless data. Hence, novel techniques for effective wireless
data augmentation are urgently needed.

Generative Artificial Intelligence (GenAI) is obtaining the
full spotlight after the release of Large Language Model
(LLM)-based chatbots by tech giants such as OpenAI’s Chat-
GPT, Google’s Bard, and Microsoft’s Bing Chat [6]. Unlike
discriminative AI models that focus primarily on explicitly
learning decision boundaries between classes, GenAI models
excel at learning the underlying distribution, patterns, and
features of input data, thus generating new data instances that
resemble the original dataset [7]. Due to its transformative
power in data generation, GenAI has recently gained signif-
icant attention in the realm of wireless networks [6], where
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real-world wireless data is often scarce, incomplete, costly to
acquire, and difficult to model or comprehend [2], enabling
the emergence of generative data augmentation. Specifically,
GenAI models can generate high-quality and diverse wireless
data as a supplement, and the synthetic data can be combined
with real data to augment the training dataset [6], which solves
the wireless data acquisition challenge and can effectively
improve the performance of DL models in wireless commu-
nication and networks.

There are currently some preliminary studies on using
GenAI models for data augmentation in wireless networks [2]–
[4], [8]. For instance, the authors in [2] utilized conditional
latent diffusion models to generate high-diversity and high-
quality Radio Frequency (RF) data at low costs. In [3], the
authors leveraged a Denoising Diffusion Probabilistic Model
(DDPM) to generate channel data in multiple speed scenarios,
where the DDPM can capture the underlying distribution
of wireless channel data with limited data volume. Finally,
a CsiNet model was used to validate the effectiveness of
the proposed approach. However, the above works do not
provide a general tutorial on how to implement generative
data augmentation in wireless networks. To this end, this
paper focuses on answering two questions, i.e., “Why GenAI
is conducive to data augmentation in wireless networks?”
and “How to use GenAI techniques to achieve wireless data
augmentation?” To the best of our knowledge, this is the
first work that systematically and comprehensively explores
the applications of generative data augmentation in wireless
networks. Our main contributions are summarized as follows:

• We begin with a brief review of data augmentation
techniques in the basic domains of images, text, and
graphics, then discuss potential advantages brought by
effective data augmentation techniques in wireless net-
works, and finally present the limitations of traditional
data augmentation techniques in wireless networks.

• We first review typical GenAI models and their applica-
tions in data augmentation, and summarize the benefits of
generative data augmentation. We then systematically and
comprehensively explore the effectiveness of generative
data augmentation for wireless applications from the
physical, network, and application layers, which presents
a specific generative data augmentation architecture for
each wireless application.

• We propose a general generative data augmentation
framework for Wi-Fi gesture recognition. This framework
leverages transformer-based diffusion models, which rep-
resent the State-of-the-Art (SOTA) model in RF data aug-
mentation, to generate high-quality and diverse Channel
State Information (CSI) data. To evaluate the effective-
ness of the proposed framework, we conduct a case study
using the Widar 3.0 dataset, which employs a Residual
Network (ResNet) model for Wi-Fi gesture recognition.
Extensive simulation results demonstrate the effectiveness
of the proposed framework.

II. OVERVIEW OF DATA AUGMENTATION

A. Data Augmentation

As a cornerstone technique in DL, data augmentation has
been extensively applied and proven to be effective and
efficient when facing data collection challenges [2], [5]. A
primary function of data augmentation is to artificially en-
large training datasets by creating modified copies of existing
data, thus countering the overfitting of AI models [5]. Data
augmentation techniques have achieved success for image and
text data, and there is a growing trend in augmenting graph
data. We present a summary of non-AI and GenAI methods
for image, text, and graph data augmentation in Table I.

In the progress of DL-based wireless communications and
networking, data augmentation has been explored to enrich the
data characteristics of wireless communications and enhance
the robustness of DL models [2], [4]. We summarize several
critical advantages of effective data augmentation applied in
wireless communications and networking:

1) Enhancing insufficient training datasets: Since wireless
data, such as RF data, is sensitive and time-dependent to
the open-space propagation environment [2], obtaining large
amounts of high-quality training datasets for DL models in
wireless communications is a costly and challenging endeavor.
Fortunately, using effective data augmentation techniques can
artificially increase the dataset size by generating variations
of existing data, and subsequently mixing the existing training
data with the augmented data into DL models, thus improving
the performance and robustness of learning algorithms [4].

2) Boosting performance in security applications: In wire-
less security applications, anomaly detection is often affected
by imbalanced datasets, where normal behavior far outweighs
malicious events [9]. For instance, in operational mechanical
systems that work under normal conditions most of the time,
the collected sensor data representing positive training samples
is sufficient [9], while machine operation failures are rare,
and the corresponding collected sample is limited compared
to positive samples. By using effective data augmentation
techniques, training datasets with synthetic fault samples can
improve the ability of DL models to detect rare events.

In the realm of machine learning and AI, several techniques
are closely related to data augmentation but have distinct
meanings, i.e., data synthesis and data enhancement. Specifi-
cally, data synthesis focuses on generating entirely new data
instances that are not directly derived from existing data but
created using GenAI models, while data enhancement is a
complementary approach that aims to improve the quality of
existing data, including augmented or synthesized data, so that
the data can be used more effectively for training tasks.

B. Limitations of Non-AI Data Augmentation Techniques in
Wireless Networks

Traditional (i.e., non-AI) data augmentation techniques
primarily rely on simple transformations such as cropping,
rotations, and transformation [5]. Although traditional data
augmentation techniques have been shown to significantly
improve model performance, as wireless datasets grow in
complexity, a series of intricate challenges are emerging.
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TABLE I: A Summary of Traditional Non-AI and GenAI Methods for Typical Data Augmentation.

GenAI methods

Image

TechnologiesData Types Characteristics

Traditional non-
AI methods

Principles

Graph

GenAI methods

Text

Traditional non-
AI methods

GenAI methods

Traditional non-
AI methods

Pixel Erasing

Image Cropping

Image Mixup

GANs

VAEs

GDMs

Token Addition

Sentence 
Cropping

Text Mixup

VAEs

LLMs

Node Attribute 
Augmentation

Graph 
Propagation

Naive Topology
Perturbation

GANs

VAEs

GDMs

Mask some information from the original input space or 
the feature space.

Select different regions from the original image and
remove other parts of the image.

Combine two images pixel-wise, and each pixel of the 
augmented image is produced by interpolating the 
pixels from the original images.

• Critical features needed for classification may be 
inadvertently erased.

• Difficult to control which parts of the image are erased.

• Increase complexity in multi-object scenarios.
• Might lead to an unbalanced representation of certain 

parts of the image.

• Might not perform well for fine-grained tasks.
• Require careful parameter tuning.

The generator creates synthetic images from random 
noise, and the discriminator tries to distinguish 
between real and synthetic images.

Encode input images into a latent space and decode 
from this latent space to generate synthetic images.

Iteratively refine random noise to generate realistic 
images, modeling the distribution of images by 
learning how to gradually transform noise into data.

• Powerful for generating realistic and detailed images 
based on the adversarial training.

• Offer stable and efficient training by relying on 
probabilistic modeling.

• Excel in generating high-quality, detailed images with 
stable training.

Add extra tokens to the original text, thus enriching the 
sentences and making them more informative.

Use dependency trees to extract the relationships 
between subjects and objects of the sentence and 
produce multiple smaller sentences.

Combine (or mix) two or more original text samples and 
interpolating their labels.

• Might disrupt the meaning of the text.
• Might be less effective for tasks requiring nuanced 

understanding of syntax and semantics.

• Might limit the ability of models to generalize to full-
text scenarios.

• Rely heavily on sentence structure.

• Less suitable for tasks requiring coherent language.
• Depend on carefully tuning the interpolation ratio.

Adapt the variational autoencoder to text by using 
single-layer LSTM RNNs for both the encoder and the 
decoder, essentially forming a sequence autoencoder.

Trained on large-scale text data to perform a wide 
range of natural language understanding and generate 
coherent text based on input prompts.

• Enable to produce diverse, coherent sentences 
through purely deterministic decoding and can 
interpolate smoothly between sentences.

• Capable of performing a wide range of text generation 
tasks, including paraphrasing, completion, and content 
creation, which is highly versatile for augmentation.

Modify the features or attributes of nodes in a graph 
while keeping the topology unchanged.

Modify a single node or edge component or consider a 
set of nodes as a whole and modify the substructure.

Spread information from one node to other nodes 
along the graph.

• Potentially limit effectiveness for structure-based tasks.
• Lead to overfitting to specific feature modifications.

• Might disrupt critical structures or relationships in the 
graph because of randomly adding or removing edges. 

• Introduce additional computational complexity.
• Might not be effective in non-homophilic graphs. 

Train a probabilistic graph encoder to map the graph 
space to a low-dimensional continuous embedding, and 
a graph decoder to reconstruct new data.

The generator attempts to learn the graph distribution 
and generate new graphs, while the discriminator tries 
to distinguish the real graph from the generated graph.

Iteratively denoise and refine random graph structures 
to produce realistic graphs.

• Able to capture complex graph distributions, including 
various node and edge types.

• Provide a smooth latent space, enabling interpolation 
between different graph structures.

• Excel at stably generating high-quality and detailed 
graph structures.

• Limited data diversity and balance: One of the chal-
lenges of data augmentation is to create enough diversity
and balance in the data [3], especially for imbalanced
datasets and Non-IID1 data. Data diversity refers to the
variety and richness of data features, while data balance
refers to the distribution and ratio of data labels. Classical
data augmentation methods, such as rotation, flipping,
and scaling, can generate only limited variations in the
original data, which may not be sufficient to capture the
variability and complexity of real-world data [5].

• Domain-specific augmentation: Different domains have
their own unique needs when it comes to data aug-
mentation [4]. For instance, in medical imaging, the
augmentation of medical images must be done cautiously
to ensure the integrity of the data and avoid the in-
troduction of artifacts that could compromise diagnosis.

1Non-IID means that data is not identically distributed.

Thus, traditional data augmentation techniques are often
designed for specific types of data and are not universally
applicable.

• Loss of semantic information: Traditional data aug-
mentation techniques may distort raw data in ways that
alter semantic meanings [5]. For example, flipping images
horizontally may change the content interpretation. More-
over, biases inherent in the original data are still present
in the augmented data and may even be reinforced.

• Limited effectiveness for large datasets: Traditional
data augmentation can be computationally intensive when
applied to extensive datasets. The time required to per-
form augmentations on each data point can signifi-
cantly lengthen the training process of DL models. This
challenge is exacerbated when working in real-time or
resource-constrained situations where efficiency and re-
sponsiveness are critical.

In summary, current traditional data augmentation methods
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still face difficulties in capturing the complexities of real-
world data and generating scalable data, especially in wireless
networks with a dynamically changing environment. Hence,
more sophisticated augmentation strategies, such as generative
data augmentation, are urgently needed.

III. GENERATIVE DATA AUGMENTATION

A. Generative AI

Pre-trained on large-scale datasets or fine-tuned on the target
dataset, GenAI models are capable of effectively capturing
complex patterns of real-world samples and generating various
types of customized data based on provided prompts [7].
Due to its data processing capability, GenAI can surpass the
traditional data augmentation paradigm through synthetic data
generation. In the following, we review typical GenAI models
and their applications for data augmentation in different fields:

• Variational Autoencoders (VAEs): VAEs work by en-
coding the input data into a latent space and then de-
coding it back to the original space [7]. By sampling
from decoding and the latent space, VAEs can generate
new data that is closely consistent with the original dis-
tribution. In [10], VAEs are applied to augment intrusion
detection data to enhance the performance of network
security protection.

• Generative Adversarial Networks (GANs): GANs con-
sist of a generator and a discriminator, which are trained
simultaneously in a minimax game framework. The gen-
erator generates new data, while the discriminator tries to
distinguish synthetic data from real data [7]. GANs can
deal with the limitations of data expansion. In [4], GANs
are adopted for wireless channel data augmentation by
learning the distribution of the original channel data.

• Generative Diffusion Models (GDMs): GDMs consist
of three key components: a sampling procedure, a forward
diffusion process, and a denoising process. The goal of
GDMs is to learn to reverse the diffusion process to
generate new data samples from the Gaussian noise [7].
GDMs are effective in data augmentation with the advan-
tages of training straightforwardly and avoiding typical
problems like model collapse [8]. For instance, in [8],
GDMs are integrated with an attention module, which
can generate high-quality and time-series RF data.

• Transformers: Transformers involve self-attention mech-
anisms that learn complex dependencies and generate co-
herent contextual instances [7], which are the fundamen-
tal technology of LLMs. LLMs have demonstrated the
ability to augment textual data. For example, LLMs can
facilitate the generation of high-quality data by automat-
ing augmentation instruction generation and selection.

B. Benefits of Generative Data Augmentation

Generative data augmentation offers numerous advantages
and promising applications across various fields [6], [8]. We
summarize the potential benefits as follows:

• Data diversity augmentation: GenAI models can gener-
ate a wide variety of realistic and high-fidelity synthetic

samples [6], thus augmenting the data diversity in the
original dataset. This approach is especially beneficial
when the original dataset lacks variability.

• Data imbalance mitigation: Data imbalance issues are
common in many real-world datasets, which can nega-
tively impact the performance of DL models. To mitigate
this issue, GenAI models can generate more samples of
underrepresented classes to balance the dataset, which can
also reduce model bias.

• Privacy preservation: GenAI models can enable data
augmentation without breaching privacy [6]. For example,
GenAI models can generate synthetic datasets that resem-
ble the original dataset without directly using sensitive
data. Moreover, GenAI models can enhance federated
learning systems by compensating for the missing portion
of local data, where models are trained collaboratively
without sharing raw data, avoiding privacy leakage issues.

IV. GENERATIVE DATA AUGMENTATION FOR WIRELESS
APPLICATIONS

In this section, we explore how GenAI techniques play
a role in data augmentation in wireless networks from the
physical, network, and application layers, as shown in Fig. 1.

A. Physical Layer

1) Wireless channel modeling: Wireless channel modeling
involves simulating the propagation of electromagnetic waves
between transmitters and receivers. However, collecting real-
world channel data in different environments and under diverse
conditions is often labor-intensive and has high overhead [4].
Fortunately, GenAI can generate a variety of synthetic channel
responses, allowing for the creation of diverse training datasets
that enhance the performance of DL-based wireless commu-
nication algorithms. For example, in [4], the authors devel-
oped a GAN-based network for channel data augmentation in
an intelligent industrial wireless communication environment.
Then, GAN-generated data is leveraged to train the DL-based
channel state information feedback algorithm for performance
enhancement. Simulation results demonstrate that for the ac-
curacy of CSI feedback algorithms, the proposed GAN-based
approach can obtain at most 3 dB performance improvement
compared with traditional data augmentation approaches.

2) Radio-frequency sensing: RF sensing is a field assisting
vision technology that uses radio signals to capture surround-
ing information, enabling intelligent applications such as hu-
man activity recognition [2]. Due to the dynamic nature of the
RF spectrum and the high cost of collecting RF datasets [2],
GenAI models, especially GANs and GDMs, can be used to
synthesize realistic RF data to augment existing datasets. For
example, in [8], the authors proposed a time-frequency diffu-
sion theory to instruct diffusion models to effectively generate
time-series and high-quality RF data. The authors redesigned
the denoising process by integrating attention-based diffusion
blocks to extract RF features. Simulation results demonstrate
that the generation quality of the proposed diffusion model
outperforms DDPMs by up to 42.4%.
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Fig. 1: Overview of generative data augmentation for wireless applications. We show how GenAI techniques can improve data
augmentation to enhance the performance of wireless applications at the physical, network, and application layers. In particular,
we present a generative data augmentation architecture for each application.

B. Network Layer

1) Network traffic management: Wireless networks are
increasingly reliant on DL models for a wide range of
management tasks, including estimating future traffic data
volume to intelligently manage and optimize wireless net-
works. However, the high costs and privacy concerns of data
collection and sharing lead to the scarcity of labeled network
datasets [11], hindering the training of robust DL models that
can accurately extract real conditions in wireless networks.
To address this challenge, GenAI models can generate traffic
data that approximates real traffic patterns, thus providing a
more comprehensive dataset for model training. For example,
the authors in [11] leveraged controlled and fine-tuned stable
diffusion models to generate network traffic traces, which in-
troduced a conversion process to transform raw packet captures
into image representations. Simulation results demonstrate that
by integrating the network traffic generated by the proposed
approach into the real dataset, the performance of decision tree
models can be significantly improved, which outperforms the
NetShare approach by 86.36%.

2) Network anomaly detection: Network anomaly detec-
tion is a crucial component of wireless network security.
Traditional anomaly detection systems rely heavily on real-

world data to learn the patterns of normal and abnormal
behavior. However, gathering enough data to represent all
possible exception types can be challenging. Generative data
augmentation provides a feasible solution for enhancing net-
work anomaly detection. For example, in [12], the authors
proposed a GAN-based method for unsupervised anomaly
detection when time series data points are small. Simulation
results demonstrate that the proposed method ranks higher
than baseline models in F1 score, which is the most important
indicator in anomaly detection [12].

C. Application Layer

1) Object detection: In wireless networks, object detection
tasks mainly involve identifying and tracking the location
of users or devices. However, object detection requires not
only target labels in each image but also precise bounding
boxes [13]. This extra work makes the management of these
datasets for training object detection models more laborious
than image classification [13]. An alternative approach to
effectively managing datasets for object detection is generative
data augmentation. For example, the authors in [13] proposed
a data augmentation pipeline based on contrastive language-
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Fig. 2: A generative data augmentation framework for Wi-Fi gesture recognition. The framework consists of three parts: Part
1 is the pre-processing of raw CSI data; Part 2 is the use of transformer-based diffusion models to synthesize high-quality CSI
data; Part 3 is the evaluation of augmented data. Note that the proposed framework can also be applied to other RF data, and
the corresponding code is available in https://github.com/JinboWen00/GDA-for-Wi-Fi-Gesture-Recognization.

image pertaining and controllable diffusion models, which can
generate images with high-quality bounding box annotations.

2) Digital twins: DTs have been recognized as an impor-
tant enabler of wireless networks [14]. The core elements
of DT construction are data-driven physical-virtual modeling
and synchronization. However, wireless DT construction is
predicted to be much more data-hungry in the future [14].
The application of generative data augmentation provides a
feasible solution. Specifically, GenAI models can generate
diverse synthetic network data, such as the state and behavior
of physical objects, thus enhancing wireless DT construction.
For instance, the authors in [14] leveraged a GAN model to
generate a sufficient augmented dataset, and the dataset can
be used to train the policy-level DT model that consists of
multi-layer neural networks through supervised learning.

D. Lesson Learned

Current wireless applications may lack sufficient data to
support DL model training to meet performance requirements.
Generative data augmentation is transforming wireless net-
works from the physical, network, and application layers. Uni-
fied GenAI models can generate data jointly for multiple layers
coherently. This cross-layer or multi-layer data augmentation
improves DL models used in communications and networking.

V. CASE STUDY: TRANSFORMER-BASED DIFFUSION
MODELS FOR DATA AUGMENTATION IN WI-FI GESTURE

RECOGNITION

In this section, we introduce the generative data augmen-
tation framework for Wi-Fi gesture recognition and conduct
a case study using the Widar 3.0 dataset to evaluate the
effectiveness of the proposed framework.

A. Background Description

Wi-Fi gesture recognition is an emerging and innovative
application for constructing privacy-preserving and contact-
free wireless sensing systems [8]. The application of DL to
Wi-Fi gesture recognition has recently garnered significant
attention [5], [8], but the field remains relatively immature.
One of the biggest challenges in driving the development of
this technology is building comprehensive wireless sensing
datasets for model training [5]. However, since Wi-Fi sens-
ing is heavily dependent on the surrounding environment,
collecting and labeling Wi-Fi sensing data (e.g., CSI data)
is costly and energy-intensive [5]. Moreover, due to the
fundamental differences in wireless data structures, traditional
data augmentation methods may not be applicable to Wi-Fi
sensing data [5]. Therefore, we propose a general generative
data augmentation framework for Wi-Fi gesture recognition, as
shown in Fig. 2. Specifically, we leverage transformer-based
diffusion models to enhance the diversity of Wi-Fi sensing
datasets. The original datasets, augmented with the synthesized
data, are then used to train Deep Neural Network (DNN)
models to evaluate the impact of data augmentation.

B. Framework Design

We present the design details and practical deployment of
the generative data augmentation framework for Wi-Fi gesture
recognition, consisting of three steps:

Step 1. Pre-processing raw CSI data: In Wi-Fi sensing
systems, CSI is estimated on multiple subcarriers [5], provid-
ing environmental information on how each Wi-Fi subcarrier
is affected during transmission, which can capture the fine-
grained changes in the channel due to human motion. CSI
features lay the foundation of wireless sensing, including the

https://github.com/JinboWen00/GDA-for-Wi-Fi-Gesture-Recognization
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Fig. 3: A case study on evaluating the effectiveness of the proposed generative data augmentation framework for Wi-Fi gesture
recognition. Part A shows the experiment design, where figures are modified based on [15]. Part B presents the generative
performance of the transformer-based diffusion model, which is the SOTA model for RF data augmentation compared with
traditional GenAI models such as GAN and VAE models. Part C illustrates the performance of the generative data augmentation
approach for Wi-Fi gesture recognition.

amplitude and phase of signals transmitted between Wi-Fi
devices. Before CSI data synthesis, we first pre-process the
original CSI data based on feature extraction, as shown in
Part 1 of Fig. 2. The processed data consists of CSI features
and conditional information, where the features are represented
as a complex matrix in double precision, and the conditional
information is used for the denoising process, including the
gestures, orientations, and locations of users.

Step 2. Synthesizing high-quality CSI data: Based on the
processed CSI data, we leverage the pre-trained transformer-
based diffusion model, which is the SOTA model for RF
data augmentation, to synthesize high-quality CSI data [8].
The architecture of the transformer-based diffusion model is
shown in Part 2 of Fig. 2. In the forward diffusion process,
time-series noise is progressively added to the original CSI
data until it approximates a Gaussian distribution. Then, the
diffusion model utilizes the denoising network to iteratively
eliminate the noise and restore the original data distribution.
The reverse restoration process is designed with a hierarchical
architecture, which can fully reveal the time-frequency char-
acteristics of CSI data. Moreover, the denoising network is
essentially a complex-valued neural network with an embed-
ded Transformer module to further extract CSI data features,
thus generating high-quality and time-series CSI data.

Step 3. Evaluating generative data augmentation: As
illustrated in Part 3 of Fig. 2, we use DNN models to
evaluate the performance of generative data augmentation

for Wi-Fi gesture recognition. Nowadays, Doppler Frequency
Shift (DFS) spectrograms are generally used as inputs to
DL models [5]. DFS spectrograms are extracted from CSI
data without intensive computation and reflect the movement
and activities of the target, which is capable of striking a
balance between denoising raw data and preserving signals for
learning [5]. Hence, we transform both the raw and generated
CSI data to DFS spectrograms through Short-Term Fourier
Transform (STFT). Specifically, STFT can truncate the time
series of signals using a fixed-length sliding time window and
perform a fast Fourier transform on each window [5]. Finally,
both the original and generated DFS spectrograms can be used
in the training of DNN models in the form of images.

C. Simulation Experiments

We implement the generative data augmentation framework
for Wi-Fi gesture recognition by using PyTorch on NVIDIA
GeForce RTX 3080 Laptop GPU and evaluate its effectiveness
on the Widar 3.0 dataset [15], which is the largest publicly
available Wi-Fi sensing public dataset [5], [8].

1) Experiment design: The Widar 3.0 dataset [15] is col-
lected from 17 users, performing 22 distinct gestures. Each
user stands at 5 different locations within the range of 6
receivers equipped with an Intel 5300 network card, oriented
in 5 different directions towards a transmitter. Because of the
non-uniform distribution of gesture data across users, we select
two subdatasets consisting of one user and 6 representative
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TABLE II: Performance Comparisons of ResNet-18 and MobileNetV2 in Generative Data Augmentation.

Metric
ResNet-18 MobileNetV2

0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%

Accuracy ↑ 0.8974 0.8989 0.9064 0.9054 0.9056 0.9127 0.8642 0.8602 0.8618 0.8615 0.8641 0.8658
Precision ↑ 0.8976 0.9004 0.9057 0.9051 0.9042 0.9113 0.8700 0.8668 0.8704 0.8660 0.8677 0.8708

Recall ↑ 0.8974 0.8989 0.9064 0.9054 0.9055 0.9127 0.8640 0.8602 0.8616 0.8615 0.8640 0.8658
F1-Score ↑ 0.8936 0.8967 0.9034 0.9033 0.9029 0.9103 0.8601 0.8558 0.8560 0.8543 0.8586 0.8618

gestures for the evaluation of the proposed framework. As
shown in the Part A of Fig. 3, these gestures include pushing
and pulling, sweeping, clapping, sliding, drawing a circle, and
drawing a zigzag. The experimental scenarios involve a hall
and an office.

In our implementation, we first pre-process the CSI data
using MATLAB. The processed CSI data is then used as the
conditional input to a pre-trained transformer-based diffusion
model, which generates corresponding DFS spectrograms. To
evaluate the impact of the proposed generative data augmen-
tation framework on Wi-Fi gesture recognition performance,
we employ a ResNet-18 model with pre-trained ImageNet
weights as the feature extractor [5]. During training, the model
is optimized using the Adam algorithm with a learning rate of
0.0001, a batch size of 32, and 20 training epochs. To ensure
reproducibility, we fix the random seed at 42.

2) Simulation results: As shown in the Part B of Fig. 3, we
present both the ground truth DFS spectrogram and the gener-
ated DFS spectrogram for 6 gestures, along with their corre-
sponding Fréchet Inception Distance (FID), average Structural
Similarity Index Measure (SSIM), and 1-Wasserstein Distance
(WD) values to evaluate the generative quality of transformer-
based diffusion models. SSIM is a perceptual metric used to
quantify the similarity between a generated image and its
reference [8]. Its value ranges from −1 to 1, with higher
values indicating better generative quality. Both FID and 1-
WD are effective metrics used to assess the distributional
divergence between generated and real images [8]. Their
values are [0,∞), with lower values indicating better fi-
delity. From Fig. 3, we observe that the transformer-based
diffusion model can generate high-quality DFS spectrograms
that closely resemble the real data distribution across the 6
gesture classes. The reason is that transformer-based diffusion
models are optimized using a likelihood-based objective [8],
which avoids model collapse issues commonly seen in GANs,
enabling improved training stability. Moreover, with the role of
the attention mechanism, transformer-based diffusion models
excel at capturing the global structure of data distributions,
thereby generating high-quality DFS spectrograms. It is worth
noting that the pre-trained transformer-based diffusion model
supports inference on either a CPU or a standard desktop-
grade GPU, which generates hundreds of data samples within
a few minutes, indicating practical computational efficiency in
generative data augmentation.

In the Part C of Fig. 3, we evaluate the effectiveness of
generative data augmentation. We first compare the impact of
the proposed generative data augmentation approach with that

of a traditional data augmentation approach (i.e., cropping)
on the performance of the ResNet-18 model. As shown
in the result module (C1) of Fig. 3, we observe that the
generative data augmentation approach positively contributes
to improving the average recognition accuracy, whereas the
traditional data augmentation approach has a negative impact.
Moreover, as the proportion of augmented data increases,
the performance gap between the two approaches becomes
increasingly pronounced. The reason is that traditional data
augmentation approaches may disrupt the frequency informa-
tion of the original DFS spectrograms, resulting in the gener-
ation of low-quality augmented data. In contrast, only high-
quality augmented data can effectively enrich the diversity of
training datasets and improve the performance of the ResNet-
18 model. We then evaluate the impact of the generative data
augmentation approach in two distinct environments: a hall
and an office. As shown in the result module (C2) of Fig. 3, the
generative data augmentation approach has a positive impact
on improving the recognition accuracy in both hall and office
environments, highlighting the scalability and robustness of
the proposed framework. Finally, we conduct a performance
comparison between ResNet-18 and MobileNetV2 under the
proposed framework. As illustrated in Table II, we observe
that the generative data augmentation approach effectively
enhances the performance of both models in Wi-Fi gesture
recognition. Moreover, ResNet-18 consistently outperforms
MobileNetV2 across all four evaluation metrics, including
macro precision, macro recall, and macro F1-score. The reason
is that the residual architecture of ResNet-18 enables it to
extract more discriminative features from DFS spectrogram
images, demonstrating the superiority of ResNet-18 models in
Wi-Fi gesture recognition.

D. Lesson Learned

The above simulation results demonstrate the effectiveness
of the proposed generative data augmentation framework. The
proposed framework also offers inherent privacy-preserving
benefits by synthesizing CSI data that retains task-relevant
features, avoiding the additional acquisition of raw CSI data
that may contain sensitive information.

VI. FUTURE DIRECTIONS

A. Generative Data Augmentation for Next-Generation Net-
works

Next-generation networks are expected to support ultra-
reliable low-latency communications, massive machine-type
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communications, and high-precision localization, enabling in-
telligent and promising applications, such as autonomous
vehicles and immersive extended reality. However, these ap-
plications may present unique challenges, such as being data
hungry [14], which cannot be effectively addressed by using
traditional DL models and datasets. Therefore, future research
can focus on utilizing generative data augmentation to create
synthetic data that can enhance traditional datasets and accu-
rately reflect the diverse conditions of these novel applications,
thus enabling better DL model training.

B. Multi-modal Generative Data Augmentation for Wireless
Networks

Traditional data augmentation often focuses on single data
modalities. However, the next generation of wireless net-
works, especially with the advent of sixth-generation networks,
will need to process multiple types of data simultaneously,
such as spatial, temporal, and contextual data. Therefore,
the realization of multi-modal generative data augmentation
technology is significant and promising for future research in
data augmentation. The Mixture of Experts (MoE) model is
expected to promote the realization of multi-modal generative
data augmentation technology. Specifically, in the MoE archi-
tecture, each expert can be specialized to handle a specific
modality and generate data within its domain.

C. High-quality Data Augmented by Generative AI

The effectiveness of DL-based wireless communications
and networking largely depends on the quality of training
datasets. Low-quality or unrealistic training data can cause
models to perform poorly or behave unpredictably in real
wireless networks. As GenAI plays an increasingly pivotal role
in augmenting data for wireless networks, ensuring the quality
of the generated data becomes critically important. Therefore,
how to consistently guarantee the quality of data augmented
by GenAI models is a critical future direction.

VII. CONCLUSION

In this article, we have explored the potential and effective-
ness of generative data augmentation in wireless networks. We
have discussed the limitations of traditional data augmentation
methods in wireless networks and introduced generative data
augmentation. Then, we have explored generative data aug-
mentation for wireless applications from the physical, network,
and application layers. Subsequently, we have proposed a
general generative data augmentation framework for Wi-Fi
gesture recognition. Furthermore, we have conducted a case
study using the Widar 3.0 dataset, which employed ResNet-18
models to evaluate the impact of generative data augmentation

on Wi-Fi gesture recognition performance. Extensive simu-
lation results demonstrate the effectiveness of the proposed
framework. Finally, we have investigated potential open re-
search directions for generative data augmentation.
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