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Abstract 
With the rapid development of the Internet of Things and wireless commu-
nication technologies, human activity recognition based on WiFi Channel 
State Information (CSI) has become a core research topic in smart homes, 
health monitoring, and security surveillance, due to its non-invasiveness, 
privacy protection, and the need for no specialized equipment. CSI can accu-
rately capture amplitude and phase perturbations of wireless channels caused 
by human movements, providing a reliable data basis for contactless action 
recognition. However, this technology faces critical challenges such as scarce 
labeled data, poor cross-scenario adaptability, and insufficient model gener-
alization ability in practical applications. This paper analyzes the technical 
principles and research status of CSI-based action recognition, focusing on 
the application of diffusion models in data augmentation. By integrating gen-
erative data expansion, cross-domain feature alignment, and model robust-
ness optimization, a complete CSI action recognition enhancement scheme is 
proposed. It systematically discusses how diffusion models alleviate the few-
shot problem through high-fidelity sample generation and improve cross-
scenario recognition performance via domain adaptive learning, providing 
theoretical support and technical references for the practical promotion of 
CSI action recognition technology. 
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1. Introduction 
1.1. Research Background 

In the evolution of intelligent sensing technology, human activity recognition 
(HAR), as a core technology for understanding human behavior, has been widely 
used in health monitoring, smart home interaction, public security, and other 
fields [1]. Traditional action recognition schemes mainly rely on cameras, weara-
ble sensors, or radar devices, but they have inherent defects such as privacy leak-
age risks, inconvenient wearing, and limitations caused by lighting conditions [2]. 
In contrast, CSI-based WiFi action recognition technology utilizes existing wire-
less communication infrastructure to achieve passive sensing by capturing the im-
pact of human movements on wireless signal propagation paths, with significant 
advantages such as all-weather operation, no privacy infringement, and low de-
ployment cost [3]. 

As a fine-grained channel parameter at the physical layer of WiFi systems, CSI 
can reflect the amplitude attenuation and phase offset characteristics of signals 
during multipath propagation [4]. When the human body moves in an indoor 
environment, it changes the propagation path of wireless channels, leading to reg-
ular changes in CSI sequences [5]. Different actions, such as walking, bending, 
falling, etc., correspond to significantly different CSI perturbation patterns, provid-
ing a key distinguishing feature for action recognition [6]. In recent years, the pop-
ularization of 802.11 n/ac protocols has promoted the wide application of MIMO 
technology, enabling CSI to carry rich channel information for multiple antennas 
and subcarriers. This technological advancement not only supports the improve-
ment of wireless communication efficiency but also provides a higher-precision 
signal foundation for CSI-based sensing tasks. Lee et al. focused on the generation 
of high-dimensional CSI data in MIMO systems, capturing the correlation be-
tween user positions and multi-antenna channels through the conditional DDIM 
model to generate high-fidelity CSI samples. Their technical idea can further sup-
port the few-shot training of sensing tasks such as action recognition [7]. 

1.2. Research Problems 

Before investigating specific applications, we introduce several basic concepts that 
will be mentioned later in this paper, as this helps to define the research scope and 
key content. Few-shot learning stands for learning scenarios with limited anno-
tated data availability. Cross-scene adaptation presents a model ability for stable 
recognition under environmental and device variations. Weak motion describes 
micro behaviors with minor disturbance to WiFi signal responses. High-fidelity 
represents a strong coincidence between generated samples and real CSI measure-
ments.  

Although CSI-based action recognition technology shows great potential, it still 
faces three core bottlenecks in actual deployment. First, high-quality labeled data 
are scarce, and few-shot scenarios are prevalent. Re-collecting and labeling data 
consumes a lot of time and labor [3]. In addition, there are many restrictions on 
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the actual deployment of CSI action recognition models, which ultimately make 
it difficult for the model to effectively adapt to new activities, new users, or new 
scenarios. Second, cross-scenario adaptability is poor. Changes in environmental 
layout, individual user differences, and device heterogeneity will lead to a data 
distribution shift (domain shift), seriously reducing the model’s generalization 
ability [8]. Third, weak action perception is difficult. The CSI perturbation signals 
corresponding to small movements such as breathing and micro-postures are 
weak and are easily interfered with by environmental noise, making it difficult to 
guarantee recognition accuracy [9]. These challenges restrict the large-scale appli-
cation of CSI action recognition technology and urgently need to be solved by 
advanced machine learning and generative AI technologies. Relying on the auto-
matic feature learning ability, deep learning methods have shown significant ad-
vantages in CSI action recognition, providing a new path to break through the 
above bottlenecks [10]. 

1.3. Application of Diffusion Models 

Drawing primarily on IEEE, ACM, ScienceDirect, and Springer databases, we 
reviewed relevant literature published over the past five years. This survey spe-
cifically focuses on studies utilizing diffusion models to generate virtual Chan-
nel State Information (CSI) data, which serves to augment available datasets and 
enhance the accuracy of human activity recognition (HAR). We analyze the re-
lated applications, methodologies, and implementations, investigating key as-
pects such as diffusion model architectures and the resulting improvements in 
recognition precision. Furthermore, this review strictly concentrates on the ap-
plication of diffusion models and deep learning techniques in human activity 
recognition, explicitly excluding research that relies on conventional machine 
learning methods.  

Early CSI action recognition research mainly relied on handcrafted features and 
traditional machine learning models [11]. Abdelnasser et al. extracted statistical 
features and state change features of RSSI signals and combined them with SVM 
to achieve gesture recognition [12]. Li et al. compressed CSI waveforms using the 
Discrete Wavelet Transform (DWT) and calculated sequence similarity with the 
Dynamic Time Warping (DTW) algorithm for action recognition [13].  

In the field of WiFi CSI action recognition, in response to practical challenges 
such as few-shot learning, data distribution shift, and difficulty in perceiving weak 
movements that emerged later, researchers have successively proposed a series of 
generative learning methods, such as traditional data augmentation and Generative 
Adversarial Networks (GAN). Among them, traditional augmentation methods rely 
on time-series transformation and frequency-domain perturbation to achieve sam-
ple expansion, while GAN learns data distribution through adversarial training. 
However, the former lacks diversity, and the latter is prone to mode collapse and 
unstable training, making it difficult to meet the generation requirements of both 
high fidelity and strong generalization [2] [6]. Against this background, diffusion 
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models, as a class of deep generative models based on probabilistic likelihood 
learning, have gradually become the mainstream solution due to their stable train-
ing process and excellent time-series fitting ability. Diffusion models achieve 
high-fidelity sample synthesis through a dual-process mechanism of forward pro-
gressive noise addition and reverse iterative denoising. In the forward diffusion 
stage, the model progressively adds Gaussian noise to the original CSI time-series 
signals, smoothly converting the real data distribution into a standard Gaussian 
distribution; in the reverse generation stage, the network learns noise prediction 
and removal rules, and gradually restores CSI samples conforming to the real dis-
tribution from pure noise [6]. Compared with traditional generative models such 
as GAN, diffusion models show more balanced performance in time-series signal 
synthesis. With the conditional control mechanism, they can also guide the gen-
eration of directional CSI samples according to action categories, scene infor-
mation, etc., providing an effective technical path to solve the problems of data 
scarcity and insufficient generalization in WiFi sensing [7] [14]. At the level of 
feature optimization, feature fusion strategy has also become an important direc-
tion to improve recognition performance. The CSI-F method proposed by Niu et 
al. strengthens the discrimination of action features through CSI signal feature 
fusion technology, achieving more stable recognition effects in complex indoor 
environments [15], forming a technical complement to the generation enhance-
ment of diffusion models and jointly helping to improve CSI action recognition 
performance.  

Diffusion models have shown significant application value in WiFi CSI sensing 
tasks. The DiffAR adaptive conditional diffusion model proposed by Huang et al. 
effectively improves the fidelity and cross-scenario adaptability of synthetic CSI 
samples through step-specific conditional guidance [16]. Hao et al. introduced la-
tent diffusion models into domain-invariant pose estimation tasks, achieving ro-
bust feature learning of WiFi signals in complex environments [14]. Xu et al. con-
structed a CSI enhancement scheme based on the conditional diffusion frame-
work, achieving single-model multi-type action sample generation with action la-
bels as conditions [17]. Relevant studies have confirmed that diffusion models can 
accurately fit the time-series perturbation laws of CSI, and their performance is 
significantly better than that of traditional augmentation and GAN methods in 
few-shot completion, cross-domain generalization, weak action enhancement, 
and other scenarios, making them the mainstream research direction for device-
independent WiFi sensing data augmentation.  

Although several studies have employed diffusion models to generate CSI data 
for augmenting synthetic datasets, there is a notable lack of comprehensive re-
views on this topic. Therefore, this study conducts an in-depth investigation of 
existing works that utilize diffusion models to generate synthetic CSI data for ac-
tion recognition, summarizes their implementation methodologies, analyzes typ-
ical applications, and provides a reference for future research on generating syn-
thetic CSI data using diffusion models. 
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1.4. Paper Structure 

The contents of this paper are arranged as follows. Section 2 systematically inves-
tigates the core technical principles, signal characteristics, sensing mechanisms, 
and system framework of CSI action recognition. Section 3 analyzes the core chal-
lenges of CSI action recognition, introduces the basic principles of diffusion mod-
els, the advantages of data augmentation, and their technical adaptability. Section 
4 proposes a full-process enhancement scheme for CSI action recognition, inte-
grating diffusion models, designing multi-dimensional technical strategies, and 
constructing the overall framework. Section 5 sorts out the key challenges faced 
by CSI action recognition research based on diffusion models and discusses the 
core future research directions. Section 6 summarizes the paper and refines the 
theoretical contributions and practical application values. 

2. Principles and System Framework of CSI Action  
Recognition 

2.1. CSI Signal Characteristics and Action Sensing Mechanism 

WiFi systems adopt Orthogonal Frequency Division Multiplexing (OFDM) tech-
nology, dividing the channel into multiple orthogonal subcarriers, and CSI can 
provide an independent channel state description for each subcarrier [1]. Relevant 
studies show that in MIMO systems, CSI exists in the form of a matrix with di-
mensions of the number of transmitting antennas, the number of receiving anten-
nas, and the number of subcarriers, fully reflecting the signal propagation charac-
teristics between multiple antennas [18]. The amplitude and phase information of 
CSI jointly carry channel change characteristics, among which the amplitude in-
formation is more sensitive to environmental disturbances and less affected by 
hardware synchronization errors, so it is widely used in action recognition re-
search [3]. 

The impact of human movements on CSI is mainly achieved through two mech-
anisms. First, the occlusion effect is important. The human body, as a dielectric, will 
occlude the direct path signal, leading to enhanced signal attenuation. Second, the 
multipath effect is another important factor. Human reflection will generate new 
propagation paths, changing the superposition relationship of multipath signals [5]. 
Different movements have different amplitudes, speeds, and spatial ranges, leading 
to significantly different CSI change patterns [6]. For example, walking movements 
cause periodic fluctuations in CSI sequences, falling movements correspond to 
sudden changes in CSI amplitude, and CSI sequences are relatively stable in a static 
state [1]. By extracting these feature differences, the distinction of different action 
categories can be realized [19]. Deep learning models can automatically capture 
these complex feature patterns without manual feature engineering, significantly 
improving the adaptability of recognition systems [10]. 

2.2. CSI Action Recognition System Framework 

A complete CSI action recognition system (as shown in Figure 1) usually in-
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cludes five core modules: data collection, preprocessing, feature extraction, 
model training, and recognition inference. The specific process is as follows 
[4]:  
 

 

Figure 1. CSI action recognition system framework. 

2.2.1. Data Collection Module 
WiFi devices supporting CSI collection (such as Intel 5300 network cards) are 
used to extract original CSI data through CSI tools, and action labels such as 
breathing are recorded synchronously during the collection process to provide la-
beled data for model training [9]. It can effectively adapt to the signal sensing re-
quirements of indoor non-contact scenarios and ensure the sensitivity of CSI data 
to weak breathing movements. 

2.2.2. Preprocessing Module 
Original CSI data contains high-frequency noise, hardware noise, and environ-
mental interference, which need a series of processing steps to improve data qual-
ity [1]. Common methods include Butterworth low-pass filtering to remove high-
frequency noise, Discrete Wavelet Transform (DWT) to decompose signal com-
ponents, and sliding window segmentation to extract action segments, etc. [19]. 
In addition, for the Carrier Frequency Offset (CFO) and Sampling Frequency Off-
set (SFO) problems in CSI phase information, strategies such as phase calibration 
or directly discarding phase information are usually adopted. The quality of the 
preprocessing stage directly affects the subsequent feature extraction effect and 
provides high-quality input data for deep learning models [20]. 

2.2.3. Feature Extraction Module 
This module aims to extract discriminative action features from preprocessed CSI 
sequences, divided into two categories: handcrafted features and deep learning 
features [1]. Handcrafted features include statistical features (mean, variance, peak 
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value), time-frequency domain features (Short-Time Fourier Transform, wavelet 
coefficients), etc., relying on expert experience design. Deep learning features are 
automatically learned through models such as CNN, LSTM, and Transformer, 
which can capture the spatio-temporal correlation features of CSI sequences with 
better recognition performance [6]. The introduction of the attention mechanism 
[10] further strengthens the extraction of key action features and improves the 
model’s ability to perceive weak movements. In recent years, feature extraction 
methods based on CSI image conversion have become a research hotspot. The 
ImgFi framework proposed by Zhang et al. converts one-dimensional CSI se-
quences into two-dimensional images through five CSI imaging methods (recur-
rence plot, Gramian Angular Summation Field, etc.), giving full play to the ad-
vantages of CNN in image recognition, and achieving 99.5% recognition accuracy 
with only a three-layer convolution structure [21], providing a new effective path 
for feature extraction. 

2.2.4. Model Training Module 
Classification models are used to train the extracted features and establish the 
mapping relationship between action categories and feature patterns [2]. Tradi-
tional models include Support Vector Machine (SVM), Random Forest, etc., while 
deep learning models are represented by CNN-LSTM hybrid architecture and at-
tention mechanism models [1]. Problems such as data imbalance and overfitting 
need to be solved during training to improve the model’s generalization ability. 
Lightweight deep learning models [22] reduce computational overhead while en-
suring recognition accuracy through parameter optimization and structure sim-
plification, adapting to edge device deployment requirements. The HARNN 
scheme proposed by Ding et al. adopts a Deep Recurrent Neural Network (RNN) 
combined with the LSTM module, and extracts Channel Power Variation (CPV) 
and Time-Frequency Analysis (TFA) features, achieving more than 95% accuracy 
in six daily action recognitions [23], verifying the effectiveness of recurrent neural 
networks in time-series CSI feature modeling. 

2.2.5. Recognition Inference Module 
The CSI sequence to be recognized is input into the trained model, and the action 
recognition result is output through feature matching and category decision [6]. 
This module needs to meet real-time requirements to ensure that the recognition 
delay is within the acceptable range for practical applications [24]. The integration 
of domain adaptive technology [20] enables the model to maintain stable perfor-
mance when deployed across scenarios, expanding the application scope of the 
technology. Zhang et al. systematically sorted out the application logic of deep 
learning in tasks such as positioning and action recognition in the field of device-
free wireless sensing, and proposed a general technical framework integrating 
deep learning methods, providing design ideas and technical support for inte-
grated solutions of multi-task unified recognition inference in complex scenarios 
[25].  
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3. Core Challenges and Solutions 
3.1. Key Technical Challenges 

The performance of CSI action recognition systems is restricted by many factors, 
and the core challenges are mainly reflected in three aspects. First, at the data and 
deployment level, high-quality labeled data is scarce, and few-shot scenarios are 
prevalent. Fast sampling easily loses details, high-fidelity generation has large com-
putational overhead, and lightweight model deployment is difficult [3][6]. Second, 
at the scenario generalization level, complex environmental features, individual 
user differences, and device heterogeneity jointly aggravate the CSI data domain 
shift, and it is difficult to deeply alleviate the distribution shift problem, severely 
limiting cross-scenario generalization ability [3]. Third, at the feature perception 
level, the CSI perturbation signals corresponding to weak movements such as 
breathing and micro-postures are weak with a low signal-to-noise ratio, and are 
easily submerged by environmental noise [9]. These challenges need to be solved 
collaboratively through strategies such as data augmentation, feature optimiza-
tion, and model improvement [7], and the integration of generative AI and deep 
learning [14] provides a new technical path to solve these problems.  

3.2. Principles and Applications of Diffusion Model Enhancement  
Technology 

3.2.1. Basic Principles of Diffusion Models 
A diffusion model is a deep learning model based on probabilistic generation, 
which achieves high-fidelity sample generation through two processes: forward 
diffusion and reverse generation (as shown in Figure 2). In the forward diffusion 
process, the model gradually adds Gaussian noise to the original data to convert 
the data distribution into a standard Gaussian distribution. The reverse genera-
tion process learns the inverse process of noise to restore the original data distri-
bution from Gaussian noise [6]. Compared with GAN, diffusion models have sta-
ble training, are not prone to mode collapse, and can generate samples with more 
diversity and fidelity, making breakthrough progress in image generation, time-
series data synthesis, and other fields [9]. 

The core advantage of diffusion models lies in their ability to model time-series 
data. For time-series signals such as CSI, diffusion models can capture their time 
dependence and dynamic change characteristics, generating sequence samples 
conforming to physical laws. Conditional diffusion models can directionally gen-
erate specific types of CSI samples by introducing conditional information such 
as action categories and scene parameters, making targeted data augmentation 
possible [7]. The DiffAR Adaptive Conditional Diffusion Model (ACDM) pro-
posed by Huang et al. further improves the quality and adaptability of synthetic 
CSI through step-specific conditional guidance for sample generation [16]. Hao 
et al. applied latent diffusion models to domain-invariant human pose estimation 
from WiFi signals [14], expanding the application scenarios of diffusion models 
in CSI sensing.  
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Figure 2. Forward and reverse processes of the diffusion model. 

3.2.2. Advantages of Diffusion Models in CSI Data Augmentation 
Diffusion models show three core advantages in CSI data augmentation. First, 
high-fidelity sample generation ability, which can accurately simulate the CSI per-
turbation patterns corresponding to different actions, with minimal numerical 
differences between synthetic samples and real samples. The Mean Absolute Error 
(MAE) can be as low as 0.718, the Mean Squared Error (MSE) as low as 1.003, and 
the Continuous Ranked Probability Score (CRPS) of the compatibility between 
the generated distribution and the real distribution can be as optimal as 1.001 in 
multi-scenarios, fully reflecting excellent fidelity [16]. Second, diverse generation 
characteristics can be achieved. By adjusting the noise scheduling strategy and 
conditional parameters, diffusion models can generate CSI samples covering dif-
ferent indoor environments, different user behaviors, and multi-user concurrent 
scenarios, effectively expanding the data distribution in real scenarios and allevi-
ating the problems of data distribution imbalance and sample scarcity [19]. Third, 
weak action recognition can be implemented. Diffusion models achieve data gen-
eration through progressive denoising, which can effectively weaken the noise and 
interference components in CSI signals, making generated samples cleaner and 
features clearer, thus enhancing the adaptability of weak action recognition to en-
vironmental interference [9]. 

Compared with traditional data augmentation methods, diffusion models can 
generate brand-new, unseen CSI samples instead of simply modifying existing sam-
ples, which can better meet the needs of model generalization ability [6]. Com-
pared with GAN, the samples generated by diffusion models have no mode col-
lapse problem and can more comprehensively cover the variation space of actions 
and scenarios. Studies have shown that diffusion model-based CSI data augmen-
tation can improve action recognition accuracy by 3% - 8% in few-shot scenarios, 
significantly better than traditional methods [16]. In addition, diffusion models 
also perform prominently in the combined scenario of CSI compression and gen-
eration. Kim et al. [26] proposed a generative diffusion model based on a com-
pression scheme, realizing efficient compression and reconstruction of high-di-
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mensional CSI data through conditional diffusion decoding, reducing data trans-
mission overhead while ensuring recognition performance. Lee et al. [27] gener-
ated user-specific high-dimensional channel data through the conditional DDIM 
model, achieving compression performance comparable to full data with only 1% 
of real training data, providing strong support for CSI data augmentation in few-
shot scenarios. Khan et al.’s research [28] also verified the effectiveness of deep 
learning models in CSI data modeling, laying a foundation for the application of 
diffusion models. 

To more intuitively compare the core differences among diffusion models, the 
two methods of traditional data augmentation and GAN in CSI data augmenta-
tion, and further highlight the performance advantages of diffusion models, Table 
1 summarizes the characteristics and quantitative indicators of the three methods 
in key dimensions such as principle, fidelity, and robustness:  
 

Table 1. Performance comparison of three CSI data augmentation methods. 

Table Head 
Comparison Dimension 

Diffusion Model [6] [9] [16] Traditional Augmentation [20] [22] GAN [2] 

Sample Fidelity High Medium Medium-Low 

Sample Diversity High Low-Medium Medium 

Training Stability High High Low 

Noise Robustness High Low-Medium Medium 

Few-Shot Accuracy Gain Significant Limited Moderate 

3.2.3. Adaptability Between Diffusion Models and CSI Action Recognition 
The time-series characteristics and multi-dimensional structure of CSI signals are 
highly compatible with the modeling ability of diffusion models [6]. As typical 
time-series data, CSI sequences contain action characteristics in the changing 
trend of the time dimension, and diffusion models can accurately capture this 
trend through progressive denoising and generation of time-series data [17]. At 
the same time, the multi-antenna and multi-subcarrier dimensional characteris-
tics of CSI can be effectively modeled through the high-dimensional data genera-
tion ability of diffusion models, and the generated samples can completely retain 
the spatial structure information of the original CSI [1] [17]. The conditional la-
tent diffusion model RF-ACCLDM further extends this adaptability to multi-
modal RF data such as RFID and FMCW radar. The class-conditional synthetic 
data generated in the latent space have high fidelity and excellent computational 
efficiency, and their performance in downstream tasks such as 3D human pose 
tracking and HAR is comparable to or even surpasses models trained with pure 
real data [29]. Lee et al.’s research [7] further verified this adaptability. Their user 
position conditional diffusion model can generate high-dimensional CSI samples 
consistent with the real channel distribution, effectively improving the task gen-
eralization ability and performance stability in cross-user scenarios.  

In practical applications, diffusion models can generate directional samples ac-
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cording to conditions such as action categories and scene parameters [7]. For ex-
ample, for the few-shot problem of high-risk actions such as falls, many high-fi-
delity fall action CSI samples can be generated through conditional diffusion 
models [16]. For the domain shift problem in cross-scenario recognition, CSI 
samples covering different environmental layouts and user characteristics can be 
generated to help the model learn domain-invariant features [9]. Hao et al.’s latent 
diffusion model [14] is directly oriented to domain-invariant feature learning, fur-
ther strengthening cross-scenario adaptability. In addition, the combination of 
diffusion models and signal processing technologies (such as VMD-HHT feature 
extraction) can further improve the quality of CSI samples corresponding to weak 
actions and enhance the model’s ability to recognize small movements [9]. Zuo et 
al.’s unsupervised diffusion model generates diverse synthetic samples through 
statistical information such as mean, standard deviation, and Z-score, expanding 
the training set without labeled data and providing a new solution for CSI action 
recognition in low-resource scenarios [30]. To systematically compare the tech-
nical differences and application scopes of these diffusion-based approaches, ex-
isting studies are categorized by diffusion model type, task objective, conditioning 
signals, and evaluation setup, as shown in Table 2. 
 

Table 2. Classification of diffusion-based CSI sensing methods. 

Diffusion 
Model Type 

Test Dataset 

Conditional Diffusion Model [16] [17] 
Temporal Enhanced Diffusion Model 

[16] [19] [22] 
Generative Diffusion Model 

[17] [27] 

Task 
Data Augmentation and Activity  

Recognition 
Multi-User Activity Recognition 

Signal Fidelity and  
Distribution Fitting 

Conditional 
Signal 

Action Class Labels, CSI Time-Series  
Signals 

Time-Domain Features,  
Subcarrier Information 

Amplitude and  
Phase Features 

Evaluation 
Setup 

Office, SignFi, UT-HAR Datasets Single-User/Multi-User Scenarios MAE 

4. CSI Action Recognition Enhancement Scheme Based on  
Diffusion Models 

4.1. Overall Framework of the CSI Action Recognition  
Enhancement Scheme 

The overall framework of the CSI action recognition enhancement scheme based 
on diffusion models is shown in Figure 3. The data collection module is respon-
sible for obtaining original CSI data and conducting preprocessing such as de-
noising and segmentation. The diffusion model module supports the generation 
of high-fidelity synthetic samples according to multi-dimensional conditions, which, 
together with real samples from the training dataset [17]. The feature extraction 
module adopts a CNN-self-attention hybrid architecture or CSI image conversion 
method to extract spatio-temporal features [19] [21], and strengthens key feature 
capture combined with the attention mechanism [10]. The cross-domain adaptive 
training module copes with environmental interference through data augmenta-
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tion and robustness optimization to improve the model’s generalization ability in 
different scenarios. Such a framework comprehensively improves the accuracy, 
robustness, and cross-scenario adaptability of CSI action recognition through the 
collaborative effect of data augmentation and model optimization [17], and inte-
grates the lightweight design concept [22] to ensure the engineering deployment 
feasibility of the scheme.  
 

 

Figure 3. Framework of the CSI action recognition enhancement scheme based on diffusion models. 
 

All performance improvements in the diffusion model-based CSI human activ-
ity recognition enhancement scheme are based on specified baseline methods, 
corresponding datasets, and application scenarios. The performance of virtual 
samples can be verified with that of real samples through three indicators, includ-
ing distribution fitting degree, downstream task accuracy, and noise robustness. 
Approximation errors still exist between the synthetic distribution and the real 
distribution. High-fidelity generation brings high computational cost [7]. Test 
benchmarks vary in different studies and are thus inconsistent. Virtual samples 
also carry potential privacy leakage risks [13]. All these factors require compre-
hensive trade-offs in practical deployment.  

4.2. High-Fidelity CSI Sample Generation Strategy 

Targeted sample generation strategies are designed by combining the characteristics 
of diffusion models with CSI signal features [16]. Conditional diffusion models are 
adopted to learn CSI data distribution, where action category labels serve as condi-
tional guidance for generation. Single models are empowered to support multi-type 
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action sample generation, thereby reducing training and storage overhead. The re-
verse iteration process can be simplified by reasonably setting diffusion steps to im-
prove inference efficiency while ensuring high-fidelity sample generation [17]. It 
can be applied to introduce multi-dimensional conditional information, such as ac-
tion categories, user characteristics, and scene parameters, to construct conditional 
diffusion models and realize directional sample generation [6]. Additionally, the 
diffusion model compression framework proposed by Kim et al. can be utilized to 
optimize data transmission efficiency while generating high-fidelity samples, bal-
ancing recognition performance and deployment practicality [26]. Finally, the de-
tailed features of generated samples can be optimized through adversarial training 
to enhance the discrimination of similar actions (such as sitting and bending) [2]. 

A multi-index system is adopted for the quality evaluation of generated samples 
[7] [16]. MAE (Mean Absolute Error) and MSE (Mean Squared Error) are used to 
measure the numerical similarity between synthetic samples and real samples, and 
CRPS (Continuous Ranked Probability Score) is used to evaluate the compatibility 
between the generated distribution and the real distribution. The effectiveness of 
generated samples is reflected through action recognition accuracy. Related stud-
ies indicate that the CSI samples generated by this strategy have a MAE as low as 
0.822 and MSE as low as 1.134 on the Office dataset, and a MAE as low as 0.717 
and MSE as low as 1.003 on the SignFi dataset, significantly better than existing 
diffusion models (such as DiffWave, WaveGrad), and can effectively improve 
model training effects [16]. Combined with the CSI enhancement method pro-
posed by Shi et al. [20], sample quality can be further optimized, and the discrim-
ination of action features can be strengthened. For CSI image-based feature ex-
traction scenarios, diffusion models can be used to generate diverse CSI image 
samples, providing richer training data for frameworks such as ImgFi and further 
improving their recognition accuracy in few-shot scenarios [16] [21]. 

To verify the generalization performance of the enhancement scheme on dif-
ferent public datasets and the credibility of the enhancement scheme, Table 3 is 
provided:  
 

Table 3. Generalization performance of the enhancement scheme on different public datasets. 

Performance 
Test Dataset 

Office [16] SignFi [16] CSI-HAR [22] UT-HAR [17] 

Actions 7 276 7 7 

Baseline Accuracy 96.97% 96.74% 85.70% 93.37% 

Enhancement Method Diffusion Augmentation Diffusion Augmentation Traditional Augmentation 
Conditional Diffusion 

Augmentation 

Enhanced Accuracy 98.49% 98.19% 89.30% 97.29% 

Absolute Improvement 1.52% 1.45% 1.45% 3.92% 

Generalization  
Scenario 

Missing Value/Fixed  
Window Completion 

Long Time-Series  
Gesture Generalization 

Single-User Action  
Generalization 

Few-Shot Generalization 
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4.3. Cross-Scenario Recognition Enhancement Mechanism 

Aiming at the domain shift problem in cross-scenario recognition, the enhance-
ment mechanisms combining diffusion models and domain adaptive learning 
were reported in existing literature [16] [31]. First, diffusion models are adopted 
to generate cross-scenario samples, construct a mixed dataset covering source and 
target scenarios, and expand the model’s feature learning range [32]. Also, con-
trastive domain adaptive learning methods are introduced to improve the model’s 
ability to extract domain-invariant features by narrowing the feature distance of 
the same type of actions in different scenarios [33]. Environment-modules are 
utilized to dynamically adjust model parameters, which may be adapted to differ-
ent scenarios because the characteristics of CSI signals are easily affected by envi-
ronmental obstacle distribution and signal propagation path changes [19]. The 
noise intensity and conditional weights are adjustable for sample generation to 
strengthen the model’s adaptability to complex channel environments. Hao et al.’s 
domain-invariant pose estimation method [14] offers a valuable reference for 
cross-scenario feature learning and further improves the model’s environmental 
adaptability.  

The mechanism does not require labeled data from the target scenario and ef-
fectively improves cross-scenario recognition performance through the collabo-
rative effect of generative sample expansion and domain adaptive learning [3]. 
Studies have reported that such methods can improve recognition accuracy by 
8% - 12% compared with traditional transfer learning methods in cross-scenario 
settings such as Room1-Room2 and Room1-Room3, reaching above 85%. Shi et 
al.’s AFEE-MatNet scheme also achieved excellent performance in cross-scenario 
recognition [20], and its feature enhancement and matching network design ideas 
can supplement this mechanism. Gu et al. [34] clearly pointed out that robust fea-
ture learning is the core research direction in the field, which is highly consistent 
with the core demand for mining domain-invariant features for cross-scenario 
action recognition. The cross-scenario samples generated by diffusion models can 
provide sufficient data support for mining domain-invariant features.  

4.4. Model Robustness and Efficiency Optimization 

To improve the model’s robustness to weak actions and noise interference, a strat-
egy integrating diffusion models and signal processing technologies has been 
adopted in related studies [9]. CSI features of weak actions through amplitude 
extraction and noise suppression generate synthetic samples consistent with the 
real sample distribution, combined with conditional diffusion models to enhance 
the model’s anti-interference ability in data-scarce scenarios [17]. A noise-adap-
tive loss function is introduced during model training to improve the model’s 
adaptability to environmental noise [9] [20]. An unsupervised statistical feature-
guided diffusion model is adopted to generate diverse synthetic samples using sta-
tistical information such as mean, standard deviation, and Z-score, further allevi-
ating insufficient feature learning in few-shot scenarios [30]. Combined with the 
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attention mechanism [10], the model’s capture of key action features can be 
strengthened, and weak action recognition accuracy is improved.  

In terms of model efficiency optimization, model pruning and quantization 
technologies have been applied to reduce the computational complexity of diffu-
sion models and recognition models. Pruning removes redundant parameters in 
the model, and quantization converts model parameters from 32-bit floating-
point to 8-bit integer, reducing model storage overhead and inference delay while 
ensuring performance loss does not exceed 3% [35]. For edge device deployment 
requirements, designing a lightweight diffusion model architecture (such as com-
pressing high-dimensional RF data to low-dimensional latent through R-VAE) 
can optimize model parameters and computational efficiency and meet real-time 
requirements [3] [24]. Lee et al. apply a user-specific channel generation scheme 
[27] to reduce invalid sample generation through conditional constraints, improv-
ing data diversity while reducing training overhead. Deng et al.’s WiLDAR model 
[22] and El Zein et al.’s HAR-LightCNN [5] both provide mature experience for 
lightweight design, which can provide a reference for the efficiency optimization 
of this scheme. For lightweight recognition models such as ImgFi [21], diffusion 
models can be used to generate CSI image samples adapted to their input format, 
improving recognition performance without increasing model complexity.  

5. Research Challenges and Future Directions 
5.1. Main Research Challenges 

Although diffusion models provide an effective enhancement approach for CSI 
action recognition, they still face the following key challenges. First, it is difficult 
to balance the generation efficiency, fidelity, and deployment of diffusion models. 
Fast sampling may lead to the loss of sample details, while high-fidelity generation 
requires more computing resources, has certain requirements for the computing 
power of hardware platforms, and is difficult to meet the requirements of real-
time and lightweight deployment [6] [24]. Second, deep mitigation of cross-sce-
nario domain shift is still difficult. CSI data distribution changes drastically in 
complex environments (such as multiple obstacles and dynamic interference) [3], 
and individual user differences and device heterogeneity further aggravate do-
main shift [20]. A single conditional guidance strategy is difficult to effectively 
alleviate cross-scenario domain shift, limiting the model generalization ability. 
Third, feature enhancement of weak actions still faces more challenges. The CSI 
perturbation signals corresponding to actions such as breathing and micro-pos-
tures are weak and easily submerged by noise, making it difficult for diffusion 
models to generate such samples [9]. 

5.2. Future Research Directions 

In response to the above challenges, future research can be carried out on the fol-
lowing aspects. First, lightweight optimization of diffusion models should be ex-
plored. More efficient sampling strategies and network architectures, such as ex-
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tracting core features through low-pass filtering, should be developed, reducing 
invalid calculations through adaptive neighbor manipulation, and combining 
structure-aware specification design to reduce model overhead [24], drawing on 
the lightweight design experience of WiLDAR [22] and HAR-LightCNN [5]. Sec-
ond, the deepening of cross-scenario adaptive generation technology should be 
studied. A dynamic environment-aware diffusion model can adjust the generation 
strategy according to real-time scene parameters. Hao et al.’s domain-invariant 
feature learning method is useful [14]. Third, security and privacy protection 
should be emphasized. Wang et al. proposed the generative protection signal 
modulation technology to prevent unauthorized devices from using CSI for mali-
cious sensing and protect user privacy [36]. Fourth, in-depth integration of self-
supervised and few-shot learning is important. Xiao et al.’s time-series segmenta-
tion method [37] further alleviates the problem of scarce labeled data. In addition, 
Wang et al. applied AIGC technology to multi-platform radio frequency sensing 
data generation, providing a unified framework for cross-device action recogni-
tion [38]. The radio frequency signal synthesis method based on conditional dif-
fusion effectively improves few-shot sensing performance [39]. In the future, the 
above ideas can be combined with the scheme in this paper to further enhance the 
system generalization ability.  

6. Conclusion 

This paper presents a systematic review of research advances in diffusion model-
based data augmentation for WiFi channel state information (CSI) human activity 
recognition. A clear distinction is made between existing literature findings and 
the integrated conceptual framework proposed in this study. Device-free activity 
recognition based on CSI features presents several advantages, such as non-intru-
sive deployment, low cost, and strong privacy protection. Critical limitations still 
exist in practical deployment, including limited labeled training data, significant 
cross-scene domain shift, and difficulties in weak motion perception. Diffusion 
models support high-fidelity time-series generation, stable training, and favorable 
generalization. Such models provide effective technical solutions to the above bot-
tlenecks. This paper reviews the sensing mechanism, core challenges, and tech-
nical adaptability of diffusion models in CSI activity recognition. Mainstream 
technical paradigms are summarized, covering sample generation, cross-domain 
adaptation, and model robustness and efficiency optimization. Existing research 
challenges and future directions are outlined, including the trade-off between gen-
eration efficiency and fidelity, deep domain shift mitigation, and weak motion 
feature enhancement. This paper offers references and insight for further data 
augmentation and engineering application of CSI activity recognition in few-shot 
and cross-domain scenarios. 
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